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Abstract 


The  Air  Force  Institute  of  Technology  (AFIT)  has  been  involved  in  developing  Kalman 
filter  trackers  for  airborne  targets  for  the  last  14  years.  The  goal  of  this  particular  thesis  was  to 
track  a  ballistic  missile  in  the  boost  phase  at  ranges  up  to  2000  km,  in  order  to  control  a  high 
energy  laser  weapon  designed  to  destroy  the  target.  The  filter  developed  combined  an  existing 
"FLIR"  filter,  which  estimated  location  of  the  plume  intensity  centroid  based  on  measurements 
from  a  forward  looking  infrared  sensor  (FLIR),  and  an  existing  "center-of-mass"  filter,  which 
estimated  the  offset  between  the  plume  and  missile  center-of-mass  based  on  measurements  from 
low-energy  laser  reflections.  In  addition,  the  new  filter  modeled  the  oscillation  of  the  rocket 
plume  with  respect  to  the  missile  kardbody,  known  as  the  "pogo"  affect,  in  the  hopes  of  improving 
overall  tracking  performance.  Filter  performance  is  analyzed  through  use  of  Monte  Carlo 
simulation  software  developed  at  AFIT. 

This  thesis  also  performed  observability  tests  on  various  filter  configurations  in  order  to 
gain  insight  into  observability  problems  identified  during  earlier  research.  Observability  of  states 
is  measured  through  the  use  of  both  stochastic  observability  testing  and  Monte  Carlo  analysis  of 
the  filter  models  using  the  Multimode  Simulation  for  Optimal  Filter  Evaluation  (MSOFE) 
software. 
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KALMAN  FILTER  TRACKING  OF  A  BALLISTIC  MISSILE  USING 


FORWARD-LOOKING  INFRARED  AND  DOPPLER  RETURN 

MEASUREMENTS 

1.  Introduction 

The  radical  changes  in  the  geopolitical  complexion  of  the  world  have  triggered 
corresponding  drastic  adjustments  to  the  defensive  posture  of  the  Unites  States  military  complex. 
Despite  major  cutbacks,  the  US  Government  continues  its  commitment  to  develop  a  national 
ballistic  missile  defense  system  under  the  Strategic  Defense  Initiative  (SDI).  One  of  those 
technologically  challenging  programs  within  SDI  is  the  research  to  design  a  space-based 
contingent  that  can  destroy  ballistic  missiles  immediately  after  launch  while  they  are  still  in  the 
boost  phase. 

There  are  numerous  technologies  that  must  be  employe)  to  solve  the  problem  of  acquiring, 
tracking,  and  pointing  a  high  energy  laser  (HEL)  weapon  at  a  ballistic  missile.  The  major 
technologies  exploited  in  the  solution  to  this  problem  are  the  Kalman  filter,  the  laser,  and  the 
forward  looking  infrared  sensor  (FLIR).  Although  all  three  technologies  matured  independently, 
they  must  be  combined  in  a  single  system  to  solve  this  problem. 

One  of  the  SDI  systems  currently  in  development  at  the  Phillips  Laboratory,  Kirtland  Air 
Force  Base,  New  Mexico,  is  a  space-based  system  that  contains  a  defensive  weapon,  the  HEL,  and 
all  associated  sensors  and  hardware  necessary  for  tracking  and  pointing  the  HEL.  The  main 
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Figure  1.1  Ballistic  Missile  Tracking  Scenario 


objective,  shown  pictorially  in  Figure  1.1.  is  to  acquire  a  launched  missile,  track  the  missile 
precisely,  and  point  and  fire  the  laser.  Figure  1.1  depicts  a  simplified  relationship  between  the 
FLIR  and  the  target.  The  FLIR  plane  shown  is  associated  with  tracker.  The  tracker  centers  the 
line-of-sight  (LOS)  vector  of  the  FLIR  plane  on  the  target.  It  is  eventually  desired  to  point  the 
LOS  vector  directly  at  the  missile  hard  body,  since  this  is  a  shared  optics  device  such  that  the  laser 
will  fire  along  that  LOS.  Since  tracking  and  firing  must  take  place  rapidly,  at  extremely  long 
distances,  and  through  the  atmosphere,  this  objective  is  quite  challenging  to  achieve.  A  number 
of  major  difficulties  that  must  be  overcome  in  this  tracking  problem  are  considered  and 
implemented  in  this  thesis  research.  Atmospheric  disturbances  cause  the  image  of  the  rocket 
plume  image  to  jitter  on  the  FLIR  plane.  The  atmosphere  will  also  attenuate  and  jitter  both  the 
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low  energy  laser  (LEL)  sensor  (to  be  discussed  subsequently)  and  the  HEL,  but  to  different 
extents.  Bending  of  the  space  platform  itself  will  also  cause  errors  in  pointing  accuracy.  The 
original  tracker  incorporated  measurements  from  only  the  FUR;  however,  it  obtains  information 
only  on  the  high  intensity  infrared  image  of  the  plume.  It  is  essential  to  locate  the  missile 
hardbody  versus  its  plume  centroid  for  firing  the  HEI .  A  phenomenon  known  as  pogo  causes  the 
plume  to  oscillate  with  respect  to  the  missile  and  makes  estimation  of  the  missile  center-of-mass 
location  difficult  (if  not  impossible)  based  on  FUR  data  alone.  For  this  reason,  measurements 
from  the  LEL  were  incorporated  to  gain  direct  measurement  information  on  the  hardbody.  Once 
FLER  measurements  allow  estimated  motion  of  the  plume  center-of-intensity  position  and  target 
velocity,  the  LEL  is  swept  along  the  estimated  velocity  vector  (as  seen  in  the  FLIR  image  plane), 
starting  from  the  estimated  center-of-intensity,  in  anticipation  of  intercepting  the  missile  hardbody. 
Using  reflected  information  from  the  LEL,  the  locations  of  the  piume/hardbody  interface  and  the 
hard  body-nose/space-background  interface  would  yield  an  estimate  of  the  hardbody  center-of-mass 
location.  It  was  determined  that  use  of  speckle  reflectance  information  from  the  LEL  did  not 
allow  clear  distinction  of  the  hardbody/plume  interface  and  therefore  resulted  in  biased 
calculations  of  the  hardbody  center-of-mass.  To  alleviate  this  difficulty,  a  method  to  utilize  the 
doppler  shift  frequencies  in  the  return  was  implemented  to  define  the  interface  clearly. 

These  anomalies  must  be  considered  in  design  of  a  tracker  and  compensated,  for  such  that 
the  HEL  beam  can  be  maintained  on  a  spot  on  the  missile  at  a  2000  Km  range  during  the  firing 
sequence.  To  complicate  matters  further,  the  laser  is  not  capable  of  destroying  the  missile 
instantaneously  (like  a  kinetic  kill  weapon)  but  must  be  maintained  within  a  small  area  on  the 
target  over  a  relatively  long  period  of  time  [4].  This  research  specifically  addresses  the  difficulties 
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with  optimally  combining  measurements  from  the  FUR  and  LEL  in  order  to  locate  the  missile 
center-of-mass  in  the  presence  of  plume  pogo. 

1.1  Background 

The  Phillips  Laboratory  (formerly  the  Air  Force  Weapons  ljaN^ratory  or  AFWL),  at 
Kirtland  Air  Force  Base,  New  Mexico,  has  been  sponsoring  research  for  the  past  14  years  at  the 
Air  Force  Institute  of  Technology  (AFTT)  in  the  use  of  directed  energy  weapons  to  destroy 
airborne  targets  [41].  This  section  provides  a  general  overview  of  the  sensor Aracker  system  in 
development  by  this  research. 

The  primary  sensor  being  used  to  track  the  targets  is  a  300  x  500  picture  element  (pixel) 
array  FUR  sensor.  The  FLIR  is  a  passive  sensor  which  detects  the  infrared  radiation  emitted  by 
the  missile  plume.  Each  pixel  in  the  array  discerns  infrared  energy  through  an  angle  of  15 
microradians  in  two  orthogonal  directions  (azimuth  and  elevation)  [40].  A  smaller  8x8  pixel 
array  is  utilized  as  the  tracking  window,  which  will  be  referred  to  as  the  field  of  view  (FOV)  in 
this  thesis  [14,40].  The  tracker  has  been  found  to  be  accurate  enough  to  maintain  the  target  within 
the  smaller  FOV,  and  the  smaller  number  of  pixels  allows  for  less  computational  loading  and  time 
lag  than  required  for  a  larger  number  of  pixels. 

Excitations  from  detectors  in  the  8  x  8  FOV  are  fed  to  an  enhanced  image  correlation 
algorithm  (presented  later  in  Figure  1.4).  This  algorithm  compares  the  current  raw  FLIR  data 
frame  with  a  template  which  estimates  the  plume’s  intensity  function  [41].  The  correlation  then 
determines  the  optimal  offsets  in  two  orthogonal  directions  (defining  the  ITJR  plane)  that  yield 
maximum  correlation  with  the  template.  These  offsets  are  the  "pseudo-measurements"  for  a  linear 
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Kalman  filter.  The  linear  Kalman  filter  updates  position  estimates  of  the  plume  centroid  location 
based  on  the  pseudo-measurements  and  propagates  an  estimate  of  the  offset  (from  the  current 
center  of  the  FOV)  of  the  centroid  at  the  next  update  frame.  A  controller  applies  the  appropriate 
adjustments  to  the  FLIR  plane  in  order  to  keep  rbe  centroid  in  the  center  of  the  FOV,  i.e.,  to  point 
the  LOS  vector  of  Figure  1.1  at  the  predicted  location  of  the  target  one  sample  period  later. 

The  previous  three  theses  [8,9, 14]  incorporated  use  of  a  second  sensor,  a  low  energy  laser, 
to  obtain  measurements  of  the  location  of  the  hardbody  itself.  The  LEL  is  swept  along  the 
estimated  target  velocity  vector  in  the  FLIR  image  plane,  relative  to  the  centroid  estimate,  in  order 
to  obtain  the  center-of-mass  location.  Prior  research  incorporated  the  LEL  measurements  into  the 
tracking  algorithm  using  two  different  methods.  Either  a  single  linear  Kalman  filter  (with 
decoupled  models  for  incorporating  the  two  types  of  measurements)  accepted  measurements  from 
both  the  FLIR  and  the  LEL,  or  two  independent  Kalman  filters  utilized  the  measurements 
separately.  In  either  case,  two  independent  estimates  of  intensity  centroid  location  and  the  offset 
of  the  center-of-mass  from  that  location  were  combined  outside  the  filter  to  determine  where  to 
point  the  HEL. 

This  research  incorporates  both  types  of  measurements  into  a  single  Kalman  filter  that 
optimally  combines  the  measurements  to  estimate  the  location  of  the  missile  center-of-mass 
directly.  Unlike  previous  research,  there  will  be  no  purposeful  attempt  to  decouple  the  two  types 
of  measurements,  but  to  process  them  with  a  full  accounting  for  physical  interrelationships. 
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1.2  Summary  of  Previous  Research 


The  Air  Force  Institute  of  Technology  has  been  engaged  in  supporting  the  Phillips 
laboratory  in  the  development  of  ballistic  missile  trackers  since  1978  [31].  Sixteen  theses  and  a 
number  of  other  documents  report  the  ongoing  developments  at  AFIT.  Each  thesis  contains  a 
synopsis  of  previous  woik.  This  section  provides  a  general  overview  of  the  previous  ballistic 
missile  tracker  research  completed  at  AFIT.  The  information  included  in  this  section  is  essentially 
a  replication  of  the  version  from  Herrera’s  thesis  [14]  with  minor  alterations  and  comments  added 
to  include  his  own  contributions. 

Research  in  this  area  was  initiated  by  Mercier  [31]  in  1978,  who  compared  extended 
Kalman  filter  (EKF)  performance  to  that  of  the  AFWL  correlation  tracker  under  identical 
conditions.  An  eight-state  truth  model  was  developed  for  simulation  purposes,  consisting  of  two 
target  position  states  and  six  atmospheric  jitter  states.  The  position  states  defined  the  target 
location  in  each  of  two  FLIR  plane  coordinate  directions  (azimuth  and  elevation),  by  accurately 
portraying  target  trajectories  in  three-dimensional  space  and  projecting  onto  the  FLIR  plane.  The 
atmospheric  jitter  was  modeled  by  a  third  order  shaping  filter  driven  by  white  noise  for  each  FLIR 
plane  axis,  as  provided  by  The  Analytic  Sciences  Corporation  (TASC)  [21];  three  states  defined 
the  atmospheric  distortion  in  each  of  the  two  FLIR  plane  coordinate  directions.  The  Kalman  filter 
dynamics  model  consisted  of  four  states:  two  states  representing  target  position,  and  two 
representing  the  atmospheric  jitter  (based  on  reduced  order  models,  versus  the  six  states  of  the 
truth  model).  In  both  the  truth  model  and  filter  dynamics  model,  the  position  states  and 
atmospheric  jitter  states  were  defined  in  each  of  the  two  FLIR  plane  coordinate  directions.  In  the 
filter,  the  position  and  jitter  states  were  each  modeled  as  a  first-order,  zero-mean,  Gauss-Markov 
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process.  The  FUR  provided  sampled  data  measurements  to  the  filter  at  a  30  Hertz  (Hz)  rate.  The 
FLIR  measurement  noises  corrupting  each  pixel  output  due  to  background  clutter  effects  and 
internal  FUR  noises  were  modeled  in  the  filter  as  both  temporally  and  spatially  uncorrelated.  The 
target  was  considered  as  a  point  source  of  light  (i.e.,  a  long  range  target)  having  benign  dynamics. 
The  corresponding  Airy  disc  on  the  FUR  image  plane  was  modeled  as  a  bivariate  Gaussian 
distribution  with  circular  equal  intensity  contours.  The  conventional  correlation  tracker  and  the 
extended  Kalman  filter  were  compared  across  three  different  signal-to-noise  ratios  (SNR),  using 
a  ten-run  Monte  Carlo  analysis  to  obtain  the  tracker  error  statistics.  The  results  of  the  comparison 
are  shown  in  Table  1.1  for  a  Gaussian  intensity  function  dispersion,  ag,  equal  to  one  pixel.  (For 
a  Gaussian  intensity  function  dispersion  equal  to  one  pixel,  most  of  the  useful  information  is 
contained  in  an  area  cf  about  five  pixels  square.) 

While  the  correlation  tracker  showed  dramatic  performance  degradation  as  the  SNR  was 
decreased,  the  Kalman  filter  showed  only  a  minor  change  in  its  performance  at  the  lowest  SNR 
tested.  The  extended  Kalman  filter  was  shown  to  be  superior  to  the  correlation  tracker  by  an 
order  of  magnitude  in  the  root  mean  square  (rms)  tracking  error,  provided  the  models  incorporated 
into  the  filter  were  a  valid  depiction  of  the  tracking  scenario.  This  success  motivated  a  follow-on 
thesis  to  improve  filter  modeling  and  thereby  to  enhance  the  performance. 

The  research  accomplished  by  Hamly  and  Jenson  [13,25]  investigated  modeling 
improvements  in  the  filter  and  tested  more  dynamic  target  simulations.  A  comparison  was  made 
between  a  new  six-state  fi  .ter  and  a  new  eight-state  filter.  The  six-state  filter  cynamics  target 
model  included  the  four  previous  states  as  well  as  two  velocity  states  in  the  FLIR  plane 
coordinates  (azimuth  and  elevation);  the  dynamics  model  of  the  eight-state  filter  included  two 
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Table  1.1  Kalman  Filter  and  Correlation  Tracker  Statistics  Comparison 


Signal-to 
Noise  Ratio 

Correlation  Tracker 

Extended  Kalman  Filter 

Mean  Error 

lo 

Mean  Error 

la 

20 

7.0 

8.0 

0.0 

0.2 

10 

8.0 

10.0 

0.0 

0.2 

1 

15.0 

30.0 

0.0 

0.8 

acceleration  states  in  the  FL1R  coordinates  as  well.  The  acceleration  was  modeled  as  Brownian 
motion  (BM)  (d  =  w,  where  w  is  a  zero-mean  white  Gaussian  noise).  The  filter  was  also  designed 
to  perform  residual  monitoring,  which  allowed  the  filter  to  react  adaptively,  and  maintain  track, 
by  quickly  increasing  the  values  in  the  filter-computed  state  covariance  matrix  P,  which  in  turn 
increased  the  filter  gain  K.  A  recommendation  was  also  made  to  examine  increasing  the  FOV 
during  target  jinking  maneuvers  to  avoid  losing  lock.  The  constant-intensity  contours  of  the  target 
were  modeled  as  elliptical  patterns  as  opposed  to  the  earlier  circular  equal-intensity  contours  in 
order  to  simulate  closer  range  targets.  The  major  axis  of  the  target  FLIR  image  was  aligned  with 
the  estimated  velocity  vector.  A  number  of  different  target  trajectories  were  tested  against  the  six- 
state  and  eight-state  filters,  and  while  the  six-state  filter  performed  well  during  moderate  jinking 
maneuvers,  the  eight-state  filter  performed  better  while  tracking  high-g  target  maneuvers. 

Other  approaches  to  modeling  the  dynamics  of  the  target  in  the  filter  were  considered  by 
Flynn  [11],  He  used  a  Brownian  motion  (BM)  acceleration  target  dynamics  model  [13]  and  a 
constant  turn-rate  (CTR)  dynamics  model.  The  CTR  model  portrayed  the  target  behavior  by 
modeling  the  acceleration  as  that  associated  with  CTR  dynamics.  Concatenating  such  constant 


turn-rate  segments  together  provides  an  accurate  portrayal  of  manned  target  evasive  maneuver 
trajectories.  Additionally,  a  Bayesian  multiple  model  adaptive  filter  (MMAF)  was  developed 
using  the  BM  dynamics  model.  A  MMAF  (Figure  1.2)  consists  of  a  bank  of  K  independent 
Kalman  filters,  each  of  which  is  tuned  to  a  specified  target  dynamics  characteristic  or  parameter 
(a„  a2,...aK  in  Figure  1.2).  The  time  histories  of  the  residuals  (rK(t)  in  Figure  1.2)  of  these  K 
Kalman  filters  are  processed  to  compute  the  conditional  probability  (pK(t)  in  Figure  1.2)  that  each 
discrete  parameter  value  is  "correct."  The  residuals  of  the  Kalman  filter,  based  upon  the  "correct" 
model,  are  expected  to  be  consistently  smaller  (relative  to  the  filter’s  internally  computed  residual 
rms  values)  than  the  residuals  of  the  other  mismatched  filters  (i.e.,  based  upon  "incorrect"  models) 
[11].  If  that  is  true,  then  the  MMAF  algorithm  appropriately  weights  that  particular  Kalman  filter 
more  heavily  than  the  other  Kalman  filters.  These  values  are  used  as  weighting  coefficients  to 
produce  a  probability- weighted  average  of  the  elemental  filter  outputs  [11],  Therefore,  the  state 
estimate  (Stinma/ti)  in  Figure  1.2)  is  actually  the  probabilistically  weighted  average  of  the  state 
estimates  generated  by  each  of  the  K  separate  Kalman  filters  (xt(7, )  in  Figure  1 .2).  Testing  of  the 
three  filter  models  was  conducted  for  three  different  flight  trajectories  which  included  2-g,  10-g, 
and  20-g  pull-up  maneuvers.  Unfortunately,  the  residuals  of  the  K  Kalman  filter  did  not  differ 
from  each  other  enough  to  perform  the  weighting  function  properly,  and  MMAF  did  not  track 
well.  The  BM  and  CTR  filters  both  performed  equally  well  at  2-g’s.  The  CTR  filter  was  found 
to  be  substantially  better  than  the  BM  filter  for  10-g  and  20-g  pull-up  maneuvers. 

Mercifc.  had  assumed  that  the  filter  had  a  priori  knowledge  of  the  target  shape  and 
intensity  profile.  Singletery  [42]  improved  the  realism  in  the  target  model  by  developing  a  model 
in  the  FLIR  plane  which  included  multiple  hot  spots.  However,  he  returned  to  the  case  of  very 
benign  targets.  The  filter  did  not  assume  a  priori  knowledge  of  the  target  size,  shape,  or  location. 
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Figure  1.2  Multiple  Model  Adaptive  Filter 


A  new  data  processing  scheme  (Figure  1.3)  was  developed  which  included  the  use  of  the  Fast 
Fourier  Transform  (FFT)  and  the  Inverse  Fast  Fourier  Transform  (IFFT),  each  of  which  can  be 
produced  with  a  lens  if  optical  processing  is  used.  The  plan  included  two  data  paths  for 
processing  the  intensity  measurements  z(t).  On  the  first  path,  the  8  x  8  array  of  intensity 
measurements  from  the  FLIR  are  arranged  into  a  64-dimensional  measurement  vector.  This 
measurement  vector  is  applied  to  the  extended  Kalman  filter  (as  in  prior  work).  The  purpose  of 
the  second  path  is  to  provide  centered  target  shape  functions  to  be  time-averaged  with  previous 
centered  shape  functions  in  order  to  generate  the  estimated  target  template  (h  in  Figure  1.3)  and 
partial  derivatives  of  it  with  respect  to  the  states  ( H  in  Figure  1.3),  as  needed  by  the  extended 
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Kalman  filter.  This  invokes  the  shifting  theorem  of  Fourier  transforms.  The  shift  theorem  states 
that  a  translation  of  an  image  in  the  spatial  domain  results  in  a  linear  phase  shift  in  th?  spatial 
frequency  domain.  To  negate  the  translational  effects  of  an  uncentered  target  image  in  the  spatial 
domain,  the  Fourier  transform  of  tire  translated  image  is  multiplied  by  the  complex  conjugate  of 
the  desired  linear  phase  shift  [42],  The  extended  Kalman  filter  model,  in  path  one,  which  was 
developed  by  Mercier  [31],  was  used  to  provide  the  optimal  estimate  of  the  required  linear 
translation.  The  filter  state  estimates  are  used  to  develop  the  complex  conjugate  of  the  linear 
phase  shift  and  provide  the  centered  measurement  functions.  Before  the  IFFT  is  taken,  the 


Figure  1.3  Data  Processing  Scheme  using  FFT  and  IFFT 
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resulting  pattern  is  exponentially  smoothed  to  yield  an  approximation  to  averaging  the  result  with 
previously  centered  frames  of  data,  to  minimize  the  effect  of  measurement  noise.  The  result  is 
a  centered  pattern  with  noise  effects  substantially  reduced.  Following  the  application  of  the  IFFT 
to  form  the  nonlinear  function  of  intensity  measurements  ( h  of  Figure  1.3),  the  spatial  derivative 
is  used  to  determine  the  linearized  function  of  intensity  measurements  ( H  of  Figure  1.3).  These 
are  both  used  by  the  Kalman  filter  in  processing  the  next  sampled  measurement  [42].  The  results 
of  this  data  processing  scheme  were  inconclusive  due  to  filter  divergence  problems.  Despite  the 
problems  encountered  with  the  filter,  the  concept  was  considered  to  have  filter  performance 
potential. 

Rogers  [41]  continued  the  work  of  developing  a  Kalman  filter  tracker  which  could  handle 
multiple-hotspots  with  no  a  priori  information  as  to  the  size,  shape,  intensity,  or  location  of  the 
target.  Moreover,  he  continued  the  application  to  benign  target  motion,  as  Singletary  [42]  had 
done  before,  in  order  to  concentrate  on  the  feasibility  of  adaptively  identifying  the  target  shape. 
Using  digital  signal  processing  on  the  FLIR  data  (as  described  above)  to  identify  the  target  shape, 
the  filter  uses  the  information  to  estimate  target  offset  from  the  center  of  the  FOV,  which  in  turn 
drives  a  controller  to  center  the  image  in  the  FLIR  plane.  Algorithm  improvements  included 
replacing  the  Forward-Backward  Difference  block  of  Figure  1.3  with  a  partial  differentiation 
operation  accomplished  as  a  simple  multiplication  before  the  IFFT  block. 

Rogers  also  considered  an  alternative  design  that  used  the  target  image  h  (as  generated 
in  Figure  1.3)  as  a  template  for  an  enhanced  correlator,  as  shown  in  Figure  1.4.  The  position 
offsets  produced  as  outputs  from  the  correlator  were  then  used  as  "pseudo-measurement"  inputs 
to  a  linear  Kalman  filter.  The  improved  correlation  algorithm  of  Figure  1.4  compares  the  FI  JR 
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image  to  an  estimated  template  instead  of  the  previous  image,  as  is  done  in  the  standard  correlator. 
This  tracking  concept  is  thus  a  hybrid  of  correlation  tracking  and  Kalman  filtering  [41].  Its 
performance  was  compared  to  the  results  of  earlier  extended  Kalman  lilters  that  used  the  raw 
FUR  data  as  measurements  [13].  Although  the  extended  Kalman  filter  performed  well  without 
a  priori  knowledge  of  the  shape  and  location  of  the  intensity  centroid,  the  improved  correlator 
used  with  the  linear  Kalman  filter  outperformed  the  extended  Kalman  filter  while  providing 
reduced  computational  loading. 


Template  Generation 


Figure  1 .4  Linear  Kalman  Filter/Enhanced  Correlator  Algorithm 
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Millner  [33]  and  Kozemchak  [16]  tested  an  extended  Kalman  filter  and  the  linear  Kalman 
filter/enhanced  correlation  algorithm  against  close  range,  highly  maneuverable  targets.  The  linear 
four-state  filter  u„ed  in  the  previous  research  was  replaced  by  an  eight-state  filter  consisting  of 
position,  velocity,  acceleration,  and  atmospheric  jitter  states  in  the  two  coordinates  of  the  FLIR 
plane  (azimuth  and  elevation).  Two  target  dynamics  models  were  also  developed.  The  target  was 
first  modeled  as  a  first-order  Gauss-Markov  acceleration  process,  and  secondly  with  a  constant 
turn-rate  model.  Both  filters  performed  well  without  a  priori  knowledge  of  the  target  size,  shape, 
and  location,  using  the  FFT  data  processing  method  for  Identifying  the  target  shape  function 
[41,42].  However,  at  target  maneuvers  approaching  5-g’s,  the  filter  performance  degraded 
considerably.  It  was  noted  that  the  tracking  was  substantially  better  when  the  Kalman  filter 
dynamics  model  closely  matched  the  target  trajectory. 

The  Bayesian  MMAF  technique  [11]  was  reinvestigated  by  Suizu  [45]  based  on  the 
recommendations  of  the  previous  work.  The  MMAF  (Figure  1.2)  consisted  of  two  elemental 
Kalman  filters.  One  elemental  filter  was  tuned  for  benign  target  maneuvers  and  obtained  sampled 
measurement  information  from  an  8  x  8  pixel  FOV  in  the  FLIR  plane.  A  second  filter  was  tuned 
for  dynamic  maneuvers  and  obtained  sampled  measurement  information  from  a  24  x  24  pixel  FOV 
in  the  FLIR  plane.  The  technique  allowed  the  MMAF  to  maintain  track  on  benign  target 
trajectories  up  to  20-g’s  at  a  distance  of  20  kilometers.  The  MMAF  was  configured  for  both  the 
linear  Kalman  filter/enhanced  correlation  algorithm  [41]  and  the  extended  Kalman  filter.  Both 
filtering  schemes  exhibited  comparable  rms  tracking  performance  results,  with  the  correlator/linecr 
Kalman  filter  having  smaller  mean  errors  and  larger  standard  deviations  than  the  extended  Kalman 
filter,  as  seen  in  earlier  work  of  Rogers  [41].  The  state  rms  tracking  error  was  on  the  order  of  0.2 
to  0.4  pixels  (one  pixel  being  equivalent  to  20  urad  on  a  side). 
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The  potential  of  the  MMAF  technique  with  the  FFT  processing  method  was  continued  by 
Loving  [19].  A  third  filter  was  added  to  the  bank  of  filters,  tuned  for  intermediate  target 
maneuvers  and  obtaining  sampled  measurement  information  from  the  8  x  8  FOV  in  the  FUR 
plane.  This  MMAF  showed  significant  performance  advantages  over  all  the  previous  filters. 
Additionally,  a  Maximum  A  Postered  (MAP)  algorithm  was  developed  and  compared  with  the 
Bayesian  MMAF.  The  MAP  algorithm  differs  from  the  Bayesian  MMAF  of  Figure  1.2  in  that 
the  MAP  algorithm  uses  the  residuals  of  the  separate  filters  to  select  the  one  filter  with  the  highest 
probabilistic  validity,  while  the  Bayesian  MMAF  uses  a  probability-weighted  average  of  all  filters 
in  the  bank.  The  Bayesian  and  the  MAP  techniques  produced  similar  results  and  delivered 
performance  that  surpassed  previous  filters. 

Netzer  [37]  expanded  the  study  of  the  MMAF  algorithm.  He  investigated  a  steady-state 
bias  error  that  resulted  when  tracking  a  target  exhibiting  a  high-g  constant  turn-rate  maneuver. 
A  major  cause  of  this  bias  is  the  MMAF  mistuning  the  ^-direction  (azimuth)  while  maintaining 
lock  on  the  highly  dynamic  y-direction  (elevation)  transient  for  a  trajectory  starting  horizontally 
and  then  pulling  up  with  a  high-g  maneuver.  This  motivates  the  concept  of  individual  x-  and  y- 
channel  target-motion  models  (and  tuning  parameters)  in  the  elemental  filters  in  the  MMAF,  which 
would  allow  adaptive  filtering  for  maneuvers  in  the  x -  and  y-channels  independently  [37].  The 
size  of  the  FOV  was  also  investigated.  When  a  target  came  to  within  five  kilometers  of  the  FLIR 
platform,  the  8  x  8  FOV  was  saturated  with  the  intensity  centroid  image,  resulting  in  a  loss  of 
track.  This  analysis  motivates  a  changing  FOV  to  maintain  lock  for  targets  and  also  warrants  the 
possibility  of  adding  another  Kalman  filter  which  is  tuned  for  extremely  harsh  maneuvers  at  close 
ranges.  A  study  of  the  aspect  ratio  (AR)  associated  with  target’s  intensity  centroid  was  also 
accomplished  to  identify  filter  tracking  characteristics  for  various  target  image  functions  [37]. 
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This  study  used  "greyscale  plots"  to  support  the  analysis.  A  greyscale  plot  is  a  pictorial  display 
of  an  image  in  which  shading  of  the  image  is  used  to  indicate  similar  parameters.  In  this  case, 
the  plot  indicates  regions  of  varying  levels  of  the  intensity  of  the  filter-reconstructed  target  image 
in  a  24  x  24  pixel  FOV.  Four  different  AR  values  of  0.2,  0.5,  5,  and  10  were  compared  to  the 
nominal  AR  of  1.  The  results  showed  that  tracking  was  slightly  impaired  for  images  with  AR  as 
high  as  5.  The  reduced  performance  is  primarily  along  the  semi-major  axis  of  an  elliptically 
modeled  intensity  centroid.  Additionally,  a  target-decoy  experiment  was  conducted  in  which  a 
high  density  decoy  was  also  located  in  the  FOV  with  the  target.  Since  the  decoy  was  modeled 
with  different  dynamics  not  given  to  the  filter,  it  was  hoped  that  the  filter  would  reject  the  decoy. 
This  was  not  the  case;  the  filter  locked  onto  the  hotter  decoy  image.  This  indicates  that  the 
inability  of  the  current  filter  algorithm  to  reject  this  type  of  bright  hotspot  requires  isolating  the 
target  image  in  a  small  FOV  or  some  other  concept  to  ensure  tracking  of  the  desired  target. 

The  previous  research  efforts  [19,37,45]  used  Gauss-Markov  acceleration  models  in  the 
development  of  the  MMAF.  Tobin  [47]  implemented  the  CTR  dynamics  model  in  another 
MMAF.  His  results  showed  that  the  Gauss-Markov  MMAF  exhibited  smaller  bias  errors  while 
the  CTR  MMAF  gave  smaller  steady  state  standard  deviation  errors;  both  filters  had  comparable 
rms  errors.  Motivated  by  earlier  research  [37],  he  also  developed  an  8  x  24  pixel  FOV  for  both 
the  x-  and  y-directions  of  the  FLIR  image  plane  to  be  used  with  filters  designed  to  anticipate  harsh 
target  accelerations  in  a  specific  direction  (along  which  the  longer  side  of  the  FOV  would  be 
oriented).  The  results  showed  that  the  filter  maintained  lock  on  a  target  during  a  highly  dynamic 
maneuver  in  the  y-direction  while  maintaining  substantially  better  steady  state  bias  performance 
in  the  benign  ^-direction. 
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Leeney  [17]  expanded  the  previously  used  Gauss-Markov  truth  model  by  incorporating 
bending  vibrational  states.  The  elemental  filters  in  the  MMAF  were  not  modeled  with  this 
information  through  explicit  state  variables,  but  performed  well  up  to  a  10-g  maneuver.  A 
performance  investigation  was  also  conducted  as  to  the  effects  of  increasing  the  measurement 
update  rate  from  the  previously  used  30  Hz  to  30  Hz.  The  sampling  rate  of  30  Hz  showed  a 
minor  performance  improvement,  but  also  increased  the  computational  loading  because  of  the 
higher  rate.  A  preliminary  study  was  also  done  on  replacing  the  8  x  24  pixel  FOV  in  the  *-  and 
y-directions  [47]  on  the  FLIR  plane  with  a  single  8  x  24  pixel  FOV,  which  is  also  known  as  the 
rotating  rectangular-field-of-view  (RRFOV).  The  idea  was  to  align  the  long  side  of  the  rectangular 
FOV  with  an  estimate  of  the  acceleration  vector.  The  higher  precision  velocity  estimate  was 
actually  used  instead  of  the  noisier  acceleration  estimate,  and  it  was  assumed  that  the  acceleration 
direction  would  be  essentially  orthogonal  to  the  current  velocity  vector  direction.  Additionally, 
the  five  elemental  Kalman  filters  in  the  MMAF  bank  would  be  reduced  to  four  by  using  this  FOV 
rotation  scheme.  The  results  were  net  conclusive,  but  the  insight  provided  motivation  to  continue 
the  study. 

The  RRFOV  research  was  continued  by  Norton  [38],  He  discoveied  that  the  appropriate 
choice  of  the  filter  dynamics  driving  noise  strength  Q  dictated  the  filter’s  response  to  a  high-g 
jinking  maneuver,  and  that  the  size  of  the  FOV  could  be  reduced  to  an  8  x  8  pixel  rotating  FOV, 
also  known  as  the  rotating  square  field  of  view  (RSFOV).  His  investigation  showed  that  a  non¬ 
rotating  square  FOV  could  provide  good  performance,  but  that  the  dynamics  noise  strength  Q 
matrix  value  must  be  large  in  the  elements  corresponding  to  the  direction  of  the  acceleration 
vector.  A  mathematical  matrix  transformation  was  developed  which  "rotated"  the  Q  matrix  to 
keep  the  larger  values  aligned  with  the  acceleration  vector.  A  study  of  both  the  rotating  FOV  and 


1-17 


rotating  the  Q  matrix  provided  advantages  and  disadvantages  for  each  method.  Doth  methods  are 
affected  by  the  tuning  parameters  used  to  represent  the  rms  level  of  acceleration  of  the  target, 
which  also  contributes  to  error  biases.  The  rotating  FOV  improves  the  x-direchon  (azimuth) 
estimation  for  dominant  y-direction  (elevation)  dynamics  from  previous  MMAF  algorithms  (on 
pull-up  maneuvers),  but  does  not  improve  y-direction  estimation  for  dominant  y-direction 
dynamics.  Rotating  the  Q  matrix  adaptively  improves  estimation  of  both  x-  and  y-directions  and 
Improves  the  jink  maneuver  error  transients,  but  is  dependent  on  the  orthogonality  of  the  velocity 
and  acceleration  vectors  and  proper  initial  tuning  parameters.  The  conclusion  was  that  both 
methods  employed  together  provide  the  ability  to  adjust  filter  characteristics  to  differentiate 
between  harsh  and  benign  dynamics  in  any  orientation  of  target  acceleration  (rotating  Q)  while 
at  the  same  time  maintaining  appropriate  view  resolution  in  the  directions  of  both  benign  and 
harsh  dynamics  (rotating  FOV).  Therefore,  the  combination  allows  for  tracking  highly 
maneuvering  targets  without  sacrificing  the  resolution  provided  by  the  smaller  RSFOV  [38]. 

The  research  up  to  this  point  was  primarily  directed  towards  tracking  aircraft  and  missiles 
from  a  ground-based  FLIR  plane.  Rizzo  [40]  initiated  research  on  a  space-based  platform  which 
could  track  targets  using  the  same  filtering  techniques.  Since  the  linear  Kalman  filter/enhanced 
correlator  algorithm  had  proven  to  be  computationally  more  efficient  than  the  extended  Kalman 
filter,  it  was  chosen  as  the  system  filter.  The  plume  "pogo"  (oscillation)  phenomenon  of  a  missile 
in  the  boost  phase  of  flight  was  modeled  in  the  truth  model  and  in  one  of  two  filters  used  for  the 
analysis.  The  pogo  was  modeled  as  a  second-order  Gauss-Markov  process,  and  applied  in  the 
direction  of  the  missile  velocity  vector.  The  plan  was  to  go  adaptive  on  the  pogo  states  using  the 
MMAF  algorithm,  treating  the  pogo  amplitude  and  oscillation  frequency  as  uncertain  parameters. 
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Although  the  elemental  filters  were  developed,  no  MMAF  performance  was  accomplished,  due 
to  elemental  filter  performance  difficuldes. 

Three  rotation  schemes  were  also  developed  and  tested.  The  first  scheme,  referred  to  as 
the  rotating  field-of-view  (RFOV),  involved  using  the  8  x  8  FOV  filter  and  aligning  a  single  axis 
of  the  FLIR  plane  with  the  estimated  velocity  vector  of  the  target;  therefore  one  of  the  coordinate 
axes  of  the  FOV  would  stay  aligned  with  the  oscillation  of  the  plume.  The  second  scheme, 
referred  to  as  the  diagonal  rotating  field-of-view  (DRFOV),  used  the  8  x  8  FOV  with  the  diagonal 
aligned  with  the  oscillation  of  the  plume.  The  motivation  behind  this  scheme  is  that  the  8  x  8 
FOV  is  oriented  in  such  a  fashion  will  be  able  to  "see"  more  of  the  target’s  intensity  image,  thus 
enabling  the  sensor  to  obtain  more  measurement  information  [40],  The  third  tracking  scheme  was 
the  rotating  rectangular  field-of-view  (RRFOV)  algorithm  developed  from  previous  research 
[17,47].  The  RFOV,  DRFOV,  and  the  RRFOV  algorithms  [37]  were  tested  along  with  the  non¬ 
rotating  field-of-view  (NRFOV)  filter.  The  NRFOV  is  the  standard  tracker  used  in  previous 
studies  [17,37,47].  The  DRFOV  scheme  was  shown  to  be  superior  to  the  other  three  tested  for 
providing  enhanced  tracking  of  a  missile  hardbody  whose  pluine  is  undergoing  a  pogo 
phenomenon. 

The  eight-state  filter  (without  pogo  states;  two  target  position  states,  two  target  velocity 
states,  two  target  acceleration  states,  and  two  atmospheric  jitter  states)  and  the  ten-state  filter  (with 
pogo  states)  surfaced  a  problem  that  may  have  gone  unnoticed  in  previous  work.  Following 
tuning  of  the  filters  with  the  twelve-state  truth  model,  it  was  discovered  that  the  eight-state  filter 
outperformed  the  ten-state  filler.  An  investigation  into  the  cause  of  the  irregularity  revealed  that 
there  was  a  serious  observability  problem  in  the  both  filters.  The  affected  states  were  velocity  and 
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acceleration.  A  recommendation  was  made  to  remove  the  acceleration  states  in  the  ten-state  filter, 
and  to  model  the  velocity  states  in  this  new  eight-state  filter  as  a  first-order  Gauss-Markov 
process. 

Eden  [8]  resumed  the  research  of  the  space-based  FLIR  platform.  The  scope  of  the 
tracking  problem  was  expanded  by  requiring  the  filter  to  track  the  hardbody  of  the  missile  rather 
than  just  the  intensity  centroid  of  the  FLIR.  Since  the  FLIR  could  not  supply  the  needed 
information  about  the  hardbody  location  relative  to  the  image  center-of-intensity  to  the  Kalman 
filter,  another  measurement  source  was  developed.  Under  the  advisement  of  the  Phillips 
Laboratory,  the  new  measurement  source  was  identified  as  a  low-energy  laser.  The  laser  actively 
acquires  measurement  data  while  the  FLIR  obtains  its  measurement  information  passively.  This 
scheme  calls  for  a  six-state  Kalman  filter  (consisting  of  two  position  states,  two  velocity  states, 
and  two  atmospheric  jitter  states)  to  provide  both  a  position  vector  and  a  velocity  vector  estimate 
for  the  target  plume.  The  low-energy  laser  is  scanned  along  this  estimated  velocity  vector  from 
the  target  plume  image  intensity  center  to  intercept  the  hardbody.  The  hardbody  is  modeled  as 
a  rectangle  with  binary  reflectivity.  When  the  low-energy  laser  (modeled  with  a  beam  width  of 
2.75  meters  at  the  target)  illuminates  the  hardbody,  the  reflection  is  received  by  a  low-energy  laser 
sensor  on  the  platform.  This  speckle  information  is  provided  to  a  single-state  Kalman  filter  which 
estimates  the  distance  between  the  center-of-mass  and  the  center-of-intensity  along  the  velocity 
vector  direction.  The  center-of-mass  is  defined  as  the  midpoint  of  the  scan  across  the  hardbody 
if  the  centerline  of  the  laser  beam  crosses  the  aft  end  of  the  missile  and  the  top  (nose)  of  the 
hardbody,  or  if  the  laser  beam  crosses  the  aft  end  and  one  of  the  sides  of  the  hardbody.  The 
results  of  the  laser  scan  show  that  the  interception  of  the  laser  with  the  hardbody  occurred  only 
10-20%  of  the  time.  This  low  ratio  of  hitting  the  target  was  attributed  to  the  six-state  filter  being 
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tuned  for  estimating  only  the  intensity  centroid  location  on  the  FUR  plane  and  not  for  precise 
velocity  estimation.  Since  the  velocity  vector  must  be  accurately  estimated  for  active  illumination 
of  the  target  to  be  a  viable  concept,  it  was  recommended  that  the  filter  also  be  tuned  for  accurate 
velocity  estimates. 

Tracking  the  center-of-mass  of  a  missile  hardbody  using  FLIR  measurements  and  low- 
energy  laser  illumination  was  further  investigated  by  Evans  [9].  He  surmised  that  the  tracking 
error,  represented  by  a  straight  line  between  the  estimated  target  center-of-mass  and  the  true 
center-of-mass  [8],  could  provide  more  insight  if  it  were  separated  into  the  x-  and  y-  (azimuth  and 
elevation)  components,  or  into  along-track  and  across-track  (2-d  perpendicular  axes  of  the 
hardbody)  components.  Evans  proposed  the  latter  method  would  provide  better  information 
relative  to  the  principle  axes  directions  of  the  error  phenomenon.  An  eight-state  filter  was 
developed  by  augmenting  Eden’s  six-state  filter  [8]  with  two  additional  bias  states  used  to  estimate 
the  hardbody  center-of-mass  [9].  A  comparison  between  the  eight-state  filter  and  Eden’s  one-state 
filter  used  in  conjunction  with  the  six-state  FLIR  filter,  resulted  in  negligible  difference  in 
performance.  Evans’  analysis  of  the  eight-state  filter’s  error  statistics  showed  that  the  tracking 
error  is  much  greater  in  the  along-track  direction  than  in  the  across-track  direction,  and  thus  the 
separate  one-state  filter  and  six-state  FLIR  filter  performed  as  well  as  the  all  inclusive  eight-state 
filter. 


Aside  from  investigating  the  tracking  error  statistics,  Evans  enhanced  Eden’s  2-d  hardbody 
model  (which  treated  reflectivity  as  a  binary  on/off  function)  with  a  3-d  hardbody  reflectivity 
model  to  provide  increased  realism  in  the  simulation.  Two  reflectivity  functions,  cross-sectional 
and  longitudinal,  were  defined  based  upon  empirical  data  obtained  from  a  radar  return  off  u  20 


1-21 


x  249  inch  cylinder  with  hemispherical  endcaps,  rotated  longitudinally  in  the  plane  of  the  radar 
source  [10].  As  shown  in  Figure  1.5,  the  cross-sectional  and  longitudinal  reflectivity  functions 
were  incorporated  into  Eden’s  rectangular  hardbody  model  as  29  discrete  weighted  line  segments 
along  the  longitudinal  axis  of  the  hardbody. 


Evans  also  found  that  the  sensitivity  level  of  the  low-energy  sensor  is  a  factoi  in 
determining  the  reflectivity  received  at  the  sensor  [9].  The  sensitivity  level  represents  a  threshold 
below  which  the  reflected  return  is  indistinguishable  from  sensor  noise.  A  sensitivity  factor,  p, 
is  incorporated  in  the  simulation  to  define  the  appropriate  sensitivity  level  required  to  detect  a 


hardbody ’$  return  as  well  as  represent  the  physical  limitations  of  the  sensor. 


Figure  1.5  Discrete  Implementation  of  Cross-Sectional  Reflectivity  Function 
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Performance  data  collection  from  the  eight-state  filter  and  one-state/six-state  filter 
combination  hinged  upon  the  successful  illumination  of  the  hardbody  by  the  low-energy  laser. 
Evans  was  faced  with  a  low  ^rget  intercept  rate  (10%  -  20%),  which  inhibited  any  useful  error 
analysis  of  the  center-of-mass  filters.  Realizing  this,  Evans  generated  an  ad  hoc  technique  of 
offsetting  the  low-energy  laser  scan  relative  to  the  FLIR  estimated  velocity  vector  and  "sweeping" 
the  scan  across  the  hardbody,  thus  providing  constant  hardbody  illumination  information. 
However,  the  "sweep"  is  not  an  optimal  tool  and  should  only  be  used  to  test  the  center-of-mass 
filters  in  the  simulation  [9].  Both  the  3-d  reflectivity  hardbody  model  and  laser  sweep  were 
employed  to  evaluate  the  performance  of  the  eight-state  filter  and  one-state/six-state  filter 
combination  center-of-mass  estimators. 

Herrera  continued  to  investigate  the  use  of  laser  returns  to  determine  the  offset  between 
the  hardbody  and  the  plume  intensity  centroid,  however,  he  used  the  information  contained  in  the 
Doppler  spectra  of  the  returns  as  opposed  to  the  speckle  reflectance  magnitude  [  14] .  Experiments 
had  shown  that  the  laser  speckle  return  of  a  solid-propellant  rocket  motor  is  of  the  same 
magnitude  as  that  of  the  hardbody  as  a  result  of  the  metallic  particles  present  in  the  propellant 
[2],  The  returns  from  the  plume  can  cause  a  non-negligible  bias  in  the  intensity  centroid  to 
center-of-mass  offset  estimate  of  25  to  30  meters,  up  to  90%  of  the  times  a  laser  scan  is 
successful.  This  tendency  was  not  incorporated  into  the  simulations  completed  by  Eden  and  Evans 
[8,9].  Herrera  first  showed  that,  as  suspected,  a  bias,  dependant  on  plume  speckle  return,  existed 
in  the  offset  estimates  using  the  one-state/six-state  filter  combination  utilized  by  Eden  and  Evans. 

Herrera  proposed  that  the  two  types  of  information  in  the  Doppler  frequency  spectra, 
magnitude  of  frequency  shift  and  spread  of  the  return  spectrum,  could  be  used  to  obtain  a  finer 
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discernment  of  the  plume/hardbody  interface.  This  proposal  was  based  on  the  fact  that  the 
spectral  content  of  the  hardbody  and  plume  returns  exhibit  very  different  Doppler  characteristics 
that  should  be  readily  distinguishable.  His  approach  to  using  this  information  was  not  to  simulate 
the  Doppler  phenomenon  itself,  but  to  simulate  the  quality  of  the  returns  provided  as 
measurements  to  a  single-state  linear  Kalman  filter  that  estimates  the  offset.  Herrera  simulated 
the  quality  of  the  low  energy  laser  return  as  a  function  of  laser  wavelength  and  signal-to-noise 
ratio,  and  simulated  a  specified  probability  of  no  Doppler  information  at  a  given  sample  time  due 
to  her  the  plume  and  hardbody  spectra  being  indistinguishable  or  the  low-power  laser  beam 
missing  the  target  body  [14]. 

To  prove  the  utility  of  using  Doppler  spectra,  Herrera  developed  a  one-state  Doppler  filter 
to  replace  the  one-state  offset  estimator  used  by  Eden  and  Evans  [8,9].  He  maintained  the  same 
independent  filter  structure  as  used  before,  which  utilized  a  six-state  filter  (four  target  dynamics 
and  two  atmospheric  jitter  states)  in  conjunction  with  the  offset  filter.  He  also  developed  a  two- 
state  Modified  MAP  MMAF  that  incorporated  both  the  speckle  return  and  the  Doppler  return 
measurements.  Both  configurations  successfully  showed  that  the  Doppler  return  information 
allowed  more  accurate  determination  of  the  hardbody/plume  interface.  The  one-state  filter  based 
only  on  Doppler  measurement  data  delivered  unbiased  estimates  of  the  offset,  and  in  the  case  of 
the  two-state  adaptive  filter  based  on  both  Doppler  and  speckle  information,  use  of  Doppler 
spectra  permitted  accurate  calculation  of  the  bias  in  the  offset  measurement  from  the  speckle 
return  [14]. 
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1.3  Thesis  Objectives 

Although  the  past  three  theses  have  concluded  that  LEL  measurements  can  be  successfully 
used  In  the  tracker,  they  have  been  based  on  a  simplified  target  dynamics  model  without 
acceleration  or  pogo  states  in  the  simulation  of  the  real  world  environment.  It  is  very  difficult  to 
estimate  the  position  of  the  hardbody  itself  using  FUR  measurements  alone  because  the  FLIR 
only  detects  IR  radiation  from  the  plume.  Two  major  problems  must  be  addressed  while 
designing  an  accurate  tracking  filter.  The  first  is  determining  the  observability  problems  in  the 
filter,  and  the  second  is  find:'MtttK  location  of  the  hardbody  itself. 
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Apparent  motion  of  the  plume  centroid  in  the  FL1R  plane  (as  modeled  in  the  filter)  can 
be  caused  by  three  m^jor  effects:  motion  of  the  target,  the  pogo  effect,  and  jitter  in  the 
measurements  caused  by  the  atmosphere,  'ilie  current  filter  design  does  not  have  the  capability 
to  observe  the  differences  between  the  three  effects  fully  .  The  next  phase  of  research  will  finish 
identifying  the  specific  observability  problems  discovered  by  Rizzo  [40],  and  particularly  will 
determine  if  there  are  observability  problems  associated  with  jitter  and/or  pogo.  Next,  a  series  of 
studies  must  be  completed  to  incorporate  the  pogo  effect  into  the  model.  The  pogo  effect, 
depicted  in  Figure  1.6,  is  the  phenomenon  in  which  the  centroid  of  the  plume  oscillates  along  the 
target  velocity  vector  about  an  offset  distance  from  the  hardbody  center-of-mass. 

Once  the  observability  problems  are  identified,  design  of  a  complete  filter  can  be  pursued. 
A  complete  filter  model  will  include  all  ta  jet  dynamics  states,  the  measurements  from  the  FLIR, 
and  the  measurements  from  the  LEL.  The  measurements  from  the  LEL  will  provide  information 
on  the  missile  hardbody  so  that  the  filter  may  estimate  hardbody  location.  Note  that,  due  to  the 
observability  difficulties  identified  by  Rizzo  [40],  the  last  three  theses  have  not  included  pogo  in 
either  the  truth  or  filter  models.  Therefore,  the  robustness  of  filters  including  LEL  measurements 
in  the  in  the  presence  of  the  pogo  effect  has  not  been  validated.  In  addition,  the  structure  of  the 
filters  including  LEL  measurements  v  is  such  that  plume  intensity  centroid  location  and  hardbody 
offset  were  determined  independently  and  the  center-of-mass  was  calculated  outside  the  filter 
based  on  the  estimates.  This  research  will  attempt  to  estimate  the  hardbody  center-of-mass 
directly  using  a  single  filter. 

1.3.1  Observability  Gramian  Analysis.  The  first  main  objective  in  the  this  thesis  will 
resume  the  tests  to  determine  what  is  causing  the  observability  problems  in  the  filter. 
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Observability  gramians  and  eigenvalues  for  six  different  filter  models  will  be  investigated.  It  is 
suspected  that  the  observability  gramian  matrix  eigenvalues  associated  with  either  the  pogo  states, 
the  jitter  states,  or  both,  are  small  relative  to  the  other  eigenvalues.  If  one  set  of  eigenvalues  is 
small  in  comparison  to  the  other,  then  oscillation  of  the  plume  intensity  centroid  relative  to  the 
hardbody  along  the  velocity  vector  would  be  dominated  by  a  single  effect  and  the  filter  would  not 
be  able  to  distinguish  between  the  jitter  and  pogo  effects  by  using  only  measurements  on  the 
rocket  plume  (in  other  words-only  FLIR  measurements). 

The  first  stochastic  observability  tests  will  be  performed  on  two  linear  Kalman  filters 
without  pogo  states.  One  filter  will  have  12  states  including  a  full  atmospheric  jitter  model  of  6 
states,  6  target  dynamics  states  (position,  velocity,  and  acceleration  in  the  X  and  Y  directions). 
The  other  filter  will  be  an  eight-state  filter  that  has  an  approximated  atmospheric  jitter  model  (only 
two  jitter  states),  and  six  target  dynamics  states. 

Next,  the  same  models  but  without  the  acceleration  states  will  be  studied.  Comparison 
of  the  observability  tests  on  these  10-state  and  6-state  filters  with  the  previous  12  and  8-state 
filters  respectively,  should  provide  insight  into  whether  there  is  a  fundamental  problem  with  how 
the  full  atmospheric  jitter  model  and  acceleration  states  are  affecting  each  other.  These  first  two 
sets  of  tests  should  also  indicate  whether  there  is  some  interaction  between  the  acceleration  states 
and  jitter  states  that  may  be  causing  degradation  of  filter  performance. 

Observability  will  also  be  investigated  for  an  alternate  eight-state  filter  model  that  excludes 
the  acceleration  states.  This  model  will  include  four  target  dynamic  states,  the  two  pogo  states 
and  the  two-state  jitter  iodel.  A  velocity  vector  at  a  constant  angle  of  45  degrees  will  be 
simulated  to  implement  the  ogo  states  for  these  studies.  These  tests  can  be  compared  to  results 
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from  the  same  model  with  the  pogo  states  removed  to  find  any  difficulties  stemming  from 
pogo/jitter  blending.  The  study  will  be  repeated  for  the  same  filter  models  outlined  above  but 
with  a  general  angle. 

The  outcomes  of  the  stochastic  observability  tests  will  also  be  analyzed  for  observability 
difficulties  of  jitter  itself  because  previous  research  shows  x(t,+, )  errors  are  so  much  worse  than 
x(t*)  errors  [8,9,14,40].  The  differences  in  error  performance  (varying  from  a  factor  of  two  to 
over  an  order  of  magnitude)  seem  to  be  due  to  problems  in  estimating  jitter.  This  research  will 
attempt  to  determine  whether  there  is  a  fundamental  problem  with  the  jitter  model  itself  that 
causes  such  poor  estimation  of  atmospheric  disturbances  over  the  filter  propagation  cycle. 

If  the  studies  above  confirm  the  suspicion  that  pogo  and  jitter  states  are  difficult  to 
distinguish,  then  one  may  conclude  that  measurements  from  the  FLER  of  the  plume  intensity 
centroid  alone  cannot  provide  the  desired  tracking  performance  of  the  missile  hardbody  due  to 
limited  estimation  accuracy.  Inclusion  of  additional  measurements,  such  as  laser  Doppler  and/or 
speckle,  should  increase  filter  performance  for  a  number  of  reasons.  Laser  measurements  provide 
information  on  the  missile  hardbody  itself  as  opposed  to  just  the  missile  plume.  Furthermore, 
laser  measurements  should  enhance  observability  of  the  pogo  and  jitter  states.  By  "knowing" 
where  the  hardbody  is  in  relation  to  the  plume,  the  filter  will  be  able  to  distinguish  the 
fundamental  difference  between  jitter  and  the  pogo  phenomenon.  Atmospheric  jitter  will  be 
manifested  as  oscillations  of  both  the  hardbody  and  plume  in  certain  frequency  ranges.  Pogo 
should  be  differentiable  as  a  relative  oscillation  between  the  hardbody  and  plume  with  a  different 
characteristic  power  spectral  density  (PSD).  A  more  thorough  descriptions  of  the  truth  and  filter 
models  are  contained  in  Chapters  III  and  IV. 
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1.3.2  Sensitivity  Analysis  of  Single  Filters.  In  order  to  verify  the  results  of  the 
observability  studies  completed  in  the  previous  section,  a  series  of  16  Monte  Carlo  performance 
analyses  will  be  performed  using  a  software  package  called  Multimode  Simulation  for  Optimal 
Filter  Evaluation  (MSOFE)  [6].  Table  1.2  shows  the  combinations  of  truth  versus  filter  models 

Table  1.2  Monte  Carlo  Analysis  Combinations 
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to  be  investigated  and  the  states  each  model  contains.  A  subset  of  the  Alter  models  studied  in  the 
previous  section  will  be  compared,  via  10-run  Monte  Carlo  analyses,  against  various  truth  models 
that  incorporate  different  combinations  of  states.  The  number  of  analyses  has  been  reduced  to 
include  only  the  combinations  that  should  best  provide  insight  into  how  the  observability 
difAculties  are  affecting  filter  performance.  Monte  Carlo  analysis  should  indicate  how  estimatable 
the  individual  states  are  for  each  combination  of  Alter  and  truth  model. 

The  first  five  runs  shown  in  Table  1.2  investigate  performance  of  Alter  models  with 
combinations  of  the  approximated  atmospheric  jitter  model  and  pogo  states  in  comparison  to  a 
truth  model  with  no  pogo  phenomenon  modeled.  The  second  five  runs  analyze  the  same  filter 
models  against  a  system  model  that  includes  the  pogo  states.  These  first  two  sets  of  Monte  Carlo 
analyses  should  help  to  identify  the  relative  effects  of  the  jitter  and  pogo  states  in  the  filter  model 
when  presented  with  different  real-world  simulations.  It  is  predicted  the  effects  due  to  jitter  are 
dominant  in  the  filter  model  and  addition  of  the  pogo  states  may  actually  degrade  Alter 
performance  due  to  potential  observability  difficulties.  It  is  further  suspected  that  Alter 
performance  against  a  system  without  pogo  modeled  will  be  better  than  performance  against  a 
system  that  incorporates  the  pogo  phenomenology. 

The  last  six  sets  of  Monte  Carlo  analyses  utilize  two  different  truth  models  with  target 
dynamic  acceleration  states  included.  One  truth  model  (10-state)  incorporates  jitter  states  and  the 
other  (8-state)  does  not.  The  performance  of  four  different  filtei  models,  with  and  without  jitter 
and/or  pogo  states,  are  analyzed  against  the  two  truth  models.  The  last  sets  of  Monte  Carlo  runs 
will  provide  insight  into  what  combinations  of  Alter  states  provide  the  best  performance  when  the 
target  acceleration  is  present.  Since  target  acceleration  is  extremely  difficult  to  estimate  in  the 
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long  range  ballistic  missile  problem,  it  is  suspected  that  performance  of  all  filters  will  oe  Degraded 
by  adding  the  target  acceleration  states  to  the  truth  model.  In  addition,  it  is  doubtful  that 
including  the  acceleration  states  in  the  filter  model  will  alleviate  the  problem.  In  fact, 
performance  may  be  degraded  by  integrating  the  poorly  estimated  states. 

An  additional  benefit  of  using  the  MSOFE  package  for  the  aforementioned  Monte  Carlo 
analyses,  is  that  it  may  (or  may  not)  provide  independent  verification  of  results  obtained  from  the 
AFIT  software.  Since  the  simulations  in  MSOFE  will  use  continuous-time  dynamics  models  and 
will  be  tested  with  independent  software  code,  any  major  differences  in  results  may  shed  light  on 
the  particular  truth  model  simulation  in  the  existing  AFIT  software. 

1 .3.3  Incorporation  of  Laser  Measurements  into  Elemental  Filters.  Based  on  insight  from 
previous  research,  it  is  expected  that  a  truth  model  that  incorporates  the  six-state  jitter  model,  the 
pogo  phenomenon  and  four  target  dynamics  states  will  be  used  for  this  research.  It  is  desired  that 
the  filter  including  the  pogo  states  that  performed  best  in  the  previous  analysis  be  used  to  develop 
the  optimal  filter  that  directly  estimates  hardbody  center-of-mass  location. 

The  results  from  the  previous  step  will  be  combined  with  the  last  three  years’  research  to 
design  and  evaluate  a  filter  that  incorporates  the  low  energy  laser  measurements  with  no 
intentional  decoupling  of  the  offset  state  from  the  other  states.  This  research  will  incorporate  the 
Doppler  measurement  model  developed  by  Herrera  [14].  The  reason  this  model  was  chosen  is 
that  it  delivers  offset  measurements  that  are  not  corrupted  by  any  bias  due  to  plume  speckle 
reflectance.  The  Doppler  measurement  model  is  also  a  more  realistic  simulation  of  the  real  world 
since  it  incorporates  the  3-dimensional  reflectivity  model  developed  by  Evans  [9].  To  establish 
the  validity  of  the  new  filter,  the  simulations  will  be  chosen  such  that  the  highest  quality  of  LEL 
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measurements  are  produced.  Therefore,  initial  tests  of  the  filter  will  be  under  the  most  benign 
conditions  (i.e.  low  probability  of  miss,  high  signal-to- noise  ratio,  and  short  LEL  wavelength  as 
described  by  Herrera). 

The  key  difference  of  the  new  elemental  filter  will  be  the  inclusion  of  the  pogo  dynamics 
model  in  the  design,  under  the  assumption  that  its  undamped  natural  frequency  and  expected  rms 
amplitude  are  known.  Another  key  feature  of  the  elemental  filter  will  be  the  revision  of  the  filter 
states  such  that  the  target  dynamics  states  describe  the  hardbody  center-of-mass,  as  opposed  to  the 
plume  intensity  centroid.  Performance  of  the  filter  will  be  analyzed  via  Monte  Carlo  simulations 
in  the  AFIT  software.  The  intent  of  this  objective  is  to  build  a  single  elemental  filter  which  can 
eventually  be  incorporated  into  a  MMAF  structure,  allowing  that  adaptive  structure  to  identify  the 
actual  undamped  natural  frequency  and  rms  amplitude  of  the  real-world  pogo  phenomenon. 

1 .3.4  Multiple  Model  Adaptive  Filter  Design  and  Analysis.  After  a  single,  optimal  filter 
structure  that  utilizes  all  both  the  FLIR  and  LEL  sensor  measurements  is  established,  the 
preliminary  work  for  a  MMAF  can  begin.  The  MMAF  is  an  algorithm  that  incorporates  several 
filters  running  simultaneously.  The  algorithm  monitors  the  errors  from  each  filter  and  selects  the 
solutions  from  the  filters  with  the  lowest  errors  at  any  instant  in  time.  A  MMAF  allows  the 
tracker  to  use  a  filter  that  is  tuned  for  the  exact  conditions  in  existence,  as  opposed  to  a  general 
filter  tuned  for  a  wide  variety  of  conditions.  A  block  diagram  of  the  structure  of  a  MMAF  is 
shown  in  Figure  1.2.  In  Figure  1.2,  xK  is  the  filter  estimate,  rK  is  the  error,  or  residual,  and  pK 
denotes  the  probability  weighting  factor  that  determines  which  individual  filter  solutions  are  used 
at  the  particular  instant  in  time. 
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The  first  step  in  the  design  of  the  MMAF  is  to  identify  the  elemental  filters  that  will  be 
used  in  the  filter  bank.  The  parameter  values,  a,  that  the  filter  is  based  on  will  be  varied  and  the 
filter  tuned  for  maximum  performance  based  on  those  different  assumed  values.  Since  the  design 
of  the  elemental  filter  described  in  the  previous  section  was  dependent  on  prior  knowledge  of  the 
pogo  conditions,  frequency  and  amplitude  of  the  pogo  oscillation  will  be  the  parameters  chosen 
for  variation  in  the  MMAF  structure.  The  tuning  process  will  result  in  a  series  of  filters  with 
identical  structure,  but  each  tuned  for  optimal  performance  under  different  target  conditions 
(specifically,  pogo  conditions).  A  baseline  performance  for  each  of  the  above  filters  must  be 
established  through  Monte  Carlo  analysis  before  moving  to  the  next  step.  This  research  actually 
accomplishes  the  design  of  one  such  elemental  filter,  as  the  essential  first  step  to  the  design  and 
analysis  of  such  an  MMAF. 

Once  the  individual  filters  have  been  selected,  they  may  be  incorporated  into  the  adaptive 
algorithm  structure.  Then,  the  entire  MMAF  could  eventually  be  evaluated  via  Monte  Carlo 
sensitivity  analysis.  This  analysis  could  be  compared  to  the  baseline  performances  previously 
established  with  the  elemental  filters  to  determine  adequacy  of  the  adaptive  parameter  estimation. 
The  observability  tests  described  in  the  first  objective,  combined  with  the  tuning  accomplished  for 
the  elemental  filters,  may  provide  the  insight  to  develop  alternate  adaptive  algorithms.  It  is 
expected  that  the  performance  of  the  MMAF  or  MMAFs  will  eventually  be  better  than  any  filters 
previously  designed. 

1.4  Thesis  Overview 

This  chapter  has  described  the  past  AFIT  research  in  the  use  of  Kalman  filters  to  track 
airborne  targets.  It  has  also  introduced  the  specific  problem  research  that  this  thesis  will  be 
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directed  toward  solving,  and  the  approach  and  objectives  have  been  set  in  the  process.  Chapter 
II  contains  a  basic  discussion  of  linear  Kalman  filter  theory  and  the  multiple  model  adaptive 
algorithm.  It  also  contains  a  description  of  the  coordinate  frames  used  in  the  thesis  and  how  they 
relate  to  the  simulated  tracking  scenario.  The  truth  models  used  in  the  thesis  are  presented  in 
Chapter  III,  as  well  as  specifics  on  how  the  various  FLIR  and  LEL  measurements  are  modeled. 
Chapter  IV  contains  a  development  of  the  filter  models.  Chapter  V  describes  the  procedures  and 
results  obtained  from  the  preliminary  observability  studies,  including  both  the  observability 
gramian  tests  and  the  MSOFE  Monte  Carlo  simulations.  Chapter  VI  wiil  portray  results  from  the 
simulations  completed  with  the  AF1T  software.  Finally,  Chapter  VII  lays  out  the  conclusions  and 
recommendations  for  future  research  efforts. 
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//.  Filtering  Techniques  and  Reference  Coordinate  Systems 


2.1  Introduction 

This  chapter  describes  the  technical  filtering  theory  upon  which  the  thesis  is  based.  A  brief 
review  of  the  linear  Kalman  filter  (LKF)  is  given.  Since  the  new  filter  designs  incorporating  the 
plume  pogo  states  and  the  low  energy  laser  measurements  require  a  nonlinear  measurement 
update,  the  extended  Kalman  filter  equations  for  a  nonlinear  update  are  also  reviewed.  This 
chapter  is  meant  only  as  a  review  and  the  reader  is  referred  to  the  source  literature  for  a  more 
thorough  development  of  the  topics  [21].  The  elemental  filters  are  based  on  the  theory  presented 
in  the  Kalman  filter  (KF)  section,  but  the  structure  of  the  Multiple  Model  Adaptive  Filter  (MMAF) 
is  also  discussed  briefly  in  this  theory  chapter.  Although  this  thesis  did  not  develop  an  MMAF 
algorithm,  the  original  intent  was  eventually  to  incorporate  the  elemental  filter  that  was  developed 
into  a  MMAF,  so  the  theory  is  presented  here  for  completeness 

In  addition,  the  author  has  included  a  section  that  explains  the  reference  coordinate 
systems  utilized  throughout  the  thesis.  The  reference  system  used  for  the  real  world  three 
dimensional  simulation  space  is  presented  first,  followed  by  all  the  other  reference  systems  and 
appropriate  coordinate  transformations  necessary  to  accommodate  the  appropriate  sensors  and 
corresponding  filter  algorithms. 

None  of  the  theory  contained  in  this  chapter  has  changed  and  all  of  it  has  been  developed 
in  previous  theses.  Consequently,  the  author  has  taken  the  liberty  of  borrowing  heavily  from  the 
excellent  presentations  made  by  his  predecessors  [8,9,14,40]. 


2.2  Kalman  Filter  Theory 


2.2.1  Introduction.  A  Kalman  filter  (KF)  is  "an  optimal  recursive  data  processing 
algorithm"  [21].  The  KF  uses  all  available  information  to  estimate  the  current  values  of  variables 
of  interest  (the  state  vector)  of  a  system.  The  KF  arrives  at  its  estimate  through  a  priori 
knowledge  of  the  system  and  measurement  device  dynamics;  statistics  of  noise  corruption, 
uncertainties,  and  measurement  errors;  system  noises  and  uncertainties;  and  initial  conditions.  The 
estimate  provided  by  the  KF  is  the  optimal  estimate  if  the  system  can  be  modeled  as  linear  and 
driven  by  white  Gaussian  noise.  The  optimal  estimate  will  be  better  than  any  estimate  available 
from  any  single  measuring  device.  The  important  feature  about  the  KF  is  that  it  not  only  directly 
models  the  variables  of  interest,  but  also  models  errors  so  that  it  provides  estimates  of  how 
accurate  it  "thinks"  the  state  estimate  is  (through  the  filter  covariance).  The  following  is  a 
simplified  version  of  the  development  presented  by  Maybeck  [21].  For  a  rigorous  development 
of  the  Kalman  Filter  theory  and  MMAF  algorithm,  the  reader  is  referred  to  Maybeck’s  Stochastic 
Models,  Estimation,  and  Control,  Vol.  1  and  Vol.  2.  The  sections  describing  the  Kalman  filter 
were  reproduced  from  Evans  and  Herrera  [9,14]  and  the  MMAF  section  is  repeated  in  whole  from 
Herrera  [14], 

The  a  priori  statistics  of  the  mean  and  covariance  provided  to  the  filter  as  initial  state 
conditions  are  defined  by; 

Eixitjt  =  io  (2-1) 

Ei[x(t0)  -  i,][x(to)  -  £j)  =  Po  (2-2) 

where  the  notation  O  indicates  an  estimated  value,  and  E{  }  is  the  expectation,  or  ensemble 
average,  of  the  possible  outcomes.  The  Kalman  filter  receives  measurements  at  a  prescribed 
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sample  rate  and  propagates  the  state  conditioned  upon  the  measurement  time  '  story  Z(i,)t  given 


as: 


z(t,) 

Z(t<)  =  !  (2'3) 

z(.t, ) 

where  z(tj)  is  the  measurement  data  available  at  sample  time  tj.  Then  the  conditional  mean  and 
covariance  of  the  state  variables  are  given  by: 

*(//)  =  Eixir)  |  Z(r,)  =  Z)  (2-4) 

P(t?)  =  £<[*«,)  -  */,*)]  Mr,)  -  *W)Y  |  Z(tt)  =  Z,}  (2-5) 

where  Z{  is  a  specific  realization  (observed  set  of  values)  of  the  measurement  history  Z(t ,). 


2.2  2  Linear  Kalman  Filler.  The  simplest  form  of  Kalman  filter,  the  linear  Kalman  filter, 
is  developed  in  this  section.  In  order  to  develop  the  linear  KF,  a  mathematical  model  of  the 
system  dynamics  must  be  established  and  measurements  must  be  available.  A  system  is  generally 
modeled  with  a  set  of  linear  state  differential  equations  of  the  form: 

*(0  =  F(t)x(i)  +  B(t)u(l)  +  G(t)w(  0  (2-6) 

where 

F(t)  =  homogeneous  state  dynamics  matrix 

x (t)  =  vector  of  states  of  interest 

B(t)  =  control  input  matrix 

u(t)  =  deterministic  control  input  vector 

G(t)  =  driving  noise  input  matrix 

w(t)  =  white  Gaussian  driving  noise  "ector 
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The  *»  of  the  white  Gaussian  driving  noise  vector  is: 


Eiw(t))  «  0 


(2*7) 


and  the  noise  strength  is  Q(t): 


Eiw(t)w(t  ♦  T)r}  »  Q(t) 6(t)  <2'8> 

The  equivalent  discrete-time  system  model  of  Equation  (2-6)  is  needed  to  implement  the 
algorithm  on  a  digital  computer.  The  general  form  of  the  discrete-time  state  space  form  (denoted 
by  the  d  subscript)  of  that  model  is  given  by: 


where 


x(tM )  =  /,)*(/,)  +  flrf(/,)u(/()  ♦  w4(f,) 


(2-9) 


&(tM,tt)  =  the  n  x  n  system  state  transition  matrix  that  satisfies  the 
differential  equation  and  initial  condition: 


It 


Ftmv,) 


(2-10) 


4>(y,)=/  (2'in 

and  where 

x(tt)  =  disaete-time  vector  of  states  of  interest 
B/tt)  =  disaete-time  control  input  matrix 
u(t,)  =  disaete-time  deterministic  control  input  vector 
wjtj  =  disaete-time  independent,  white  Gaussian  noise  process 
with  mean  and  covariance  statistics  define 4  as: 


E(wd{t()}  =  0 


(2-12) 


E{wd(t')w/(tj)) 


QAO  t,  -  fj 

0  *  tj 


(2-13) 
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with 


QAO 


f 


(2-14) 


The  Kalman  filter  incorporates  measurement  information  from  external  measuring  devices 
to  improve  its  estimate  of  a  desired  state.  The  discrete-time  (sampled  data),  linear  measurement 
model  is  of  the  form: 


z(0  =  f/(r,)x(r,)  +  HO  (2-15) 

where 

z(tt)  =  m-dimensional  measurement  vector  at  sample  time  t, 

H(t,)  =  state  observation  matrix 

x(t,)  =  vector  of  states  of  interest 

v(t,)  =  white  Gaussian  measurement  noise 

The  discrete  white  Gaussian  measurement  noise  v  is  independent  of  both  x(t0)  and  w  for  all  time, 
and  has  a  mean  and  covariance,  R,  given  by: 

E(v(.0]  =  0  (2-16) 


0 


(2-17) 


The  Kalman  filter  propaga:or  the  cfnte  conditional  mean  and  its  covariance  from  the 
instant  in  time  immediately  following  the  most  recent  measurement  update,  t*,  to  the  instant  in 
time  immediately  preceding  the  next  measurement  update,  tM\  by  numerical  integration  of  the 
following  equations: 


mo  =  Fiomo 


(2-18) 


2-5 


-  FWHtft,)  +  P(tlt()FT(t)  *  Gmmr(t)  (2‘19) 

where  the  notation  x  (t/i,)  denotes  optimal  esti  aates  of  x  at  time  /,  conditioned  on  measurements 
through  time  t„  and  with  initial  conditions: 

JK  W  =  JKr/)  (2-20) 

-  P(0  (2-21) 

where  x  (r,+)  and  P(t+)  are  the  results  of  the  previous  measurement  update  cycle.  At  time  t„ , 
and  P„  from  Equations  (2-1)  and  (2-2)  are  used  to  initialize  the  first  propagation. 

That  update  cycle,  when  a  measurement  becomes  available  at  time  t„  is  based  on  the 
following  update  equations: 

K(t,)  =  P(ti  )H T(tl )[H(tl )P(t; )H T(tl )  *  RU,)]1  (2-22) 

no  -  f(/D  +  wow,)  -  (2_23) 

PiO  =  PiO  -  K^mtJPiO  (2-24) 

where  K(t)  is  the  time-varying  Kalman  filter  gain  matrix  that  assigns  "weights"  to  the  new 
information  (consisting  of  the  difference  between  the  actual  measurement  and  the  filter’s 
prediction  of  the  measurement,  H(t)x(tt),  as  seen  in  Equation  (2-23))  based  on  known 
measurement  noise  statistics  and  filter-computed  covariances. 

In  some  instances  (as  with  the  case  when  pogo  is  included  in  the  elemental  filter),  the 
discrete-time  measurement  update  is  a  known  nonlinear  function  of  the  state  vector.  In  such  cases, 
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the  following  nonlinear  extended  Kalman  filter  update  model  is  used  in  place  of  Equation  (2-15). 
The  measurements  are  modeled  as: 


z(,tt)  =  h[x(tt),  /,]  +  v(tt) 


(2-25) 


where  A[\  ]  is  a  known  vector  of  functions  of  state  and  time,  and  v  is  the  same  discrete  white 
Gaussian  measurement  noise  as  defined  before.  When  a  nonlinear  measurement  is  available, 
Equation  (2-22)  is  still  used  to  determine  the  Kalman  filter  gain  matrix,  but  the  matrix  H  is 
defined  by: 


. ,  a*[x,  t.] 

a  -3-. 


(2-26) 


The  updated  state  vector  becomes  a  function  of  the  nonlinear  residual,  Lz(f,)  -  A[x(f,  ).f,)]  and 
Equation  (2-23)  is  modified  to  become: 


JKO  -  *«i)  *  *(',){*(',)  “  W>.',]}  (2'27) 

2.2.3  Multiple  Model  Adaptive  Algorithm.  The  optimality  of  the  state  estimator  is 
dependent  upon  complete  knowledge  of  the  parameters  that  define  the  best  model  for  system 
dynamics,  output  relations,  and  statistical  description  of  uncertainties  [22],  For  Kalman  filter 
tracking  applications,  maximum  performance  is  achieved  when  the  parameters  of  the  filter 
dynamics  model  match  the  parameters  of  the  target  being  tracked.  Often,  the  parameters  are 
known  only  with  some  uncertainty  and  may  exhibit  time-varying  characteristics  (such  as  in  the 
case  of  maneuvering  targets  with  changing  acceleration  levels).  Thus,  there  is  a  need  to  devise 
a  method  that  produces  optimum  state  estimates  despite  the  incomplete  a  priori  knowledge  of 
parameter  values,  and  provides  the  estimates  in  an  adaptive,  on-line  fashion.  The  MMAF  satisfies 
these  requirements  [22]. 
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To  implement  the  MMAF  algorithm,  it  becomes  necessary  to  discretize  the  parameter 
space  by  the  judicious  choice  of  discrete  values  that  are  representatively  dispersed  throughout  the 
continuous  range  of  possible  values.  For  the  tracking  problem  at  hand,  a  target  can  display  K 
different  discrete  sets  of  pogo  conditions  corresponding  to  one  of  K  discrete  combinations  of  pogo 
oscillation  frequency  and  magnitude.  As  previously  shown  in  Figure  1.2,  a  Kalman  filter  is  then 
designed  for  each  choice  of  parameter  value,  resulting  in  a  bank  of  K  separate  elemental  filters. 

Let  a  denote  the  vector  of  uncertain  parameters  in  a  given  linear  state  model  for  a 
dynamic  system.  A  system  model  would  be  represented  by  the  following  first-order,  stochastic 
differential  equation: 

±(t)  =  F(a)x(t)  +  B(a)u(t)  +  G(a)w(t)  (2-28) 

with  noise  c  upted,  discrete-time  measurements  given  by: 

z(tt)  =  mam,)  *  v(t.)  (2-29) 

where 

x(t)  =  /i-dimensional  system  state  vector 
u(t)  =  /--dimensional  deterministic  control  vector 
w(t)  =  s-dimensional  white,  Gaussian,  zero-mean  noise  vector 
process  ol  strength  Q(a) 
z(t,)  =  m-dimens  onal  measurement  vector 
v(tt)  =  m-dimensional  discrete-time  white,  Gaussian,  zero-mean 
noise  vector  process  of  covariance  R(a) 

F(a)  -  nx  n  system  plant  matrix 

B(a)  =  nx  r  input  distribution  matrix 

G(a)  =  nx  s  noise  distribution  matrix 

H(a)  -  m  x  n  matrix  relating  measurement  to  states 


2-8 


The  parameter  vector,  a,  is  discretized  mto  a  set  of  K  finite  vector  values,  a„  ait...aK,  and 
associated  with  each  ak  is  a  different  system  model  of  the  form  given  by  Equations  (2-28)  and 
(2-29).  Each  elemental  Kalman  filter,  tuned  for  a  specific  ak,  produces  a  state  estimate  which  is 
weighed  appropriately  using  the  hypothesis  conditional  probability  pk(tt)  to  produce  the  state 
estimate  (t,)  as  a  probabilistically  weighted  sum,  as  shown  in  Figure  1.2  on  page  1-9,  where: 


/>*('<) 


K 

i- 1 


(2-30) 


with 


.,)(*/ 1  at>  ^l-l) 


{•} 


exp{‘i 

(wwr 

-■i*; 


(2-31) 


Ak(tt)  =  Mi  filter’s  computed  residual  covariance 
-  HAmOHXtJ  +  RM 
rk(tt)  =  Mi  filter’s  residual 
=  ( z(0  -  HAtfA)  ] 

at  =  parameter  value  assumed  in  the  Ath  filter 
Pk(t,)  =  Mi  filter’s  computed  state  error  covariance  before 
incorporating  the  measurement  at  time  r, 

Z(tlA)  =  measurement  history  up  to  time  tiA 


The  residual  of  the  Mi  elemental  Kalman  filter,  that  best  matches  the  current  pogo 
conditions  associated  with  the  parameter  value  ak,  is  expected  to  be  smaller  than  the  residuals  of 
the  other  mismatched  filters,  so  that  the  exponential  term  in  Equation  (2-31)  is  smallest  for  the 
Mi  elemental  filter.  Therefore,  the  hypothesis  conditional  probability  given  by  Equation  (2-30) 
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with  index  corresponding  to  the  "correct"  filter  will  then  be  the  largest  among  the  conditional 
probabilities,  thus  assigning  the  most  weight  to  the  "correct"  state  estimate.  This  algorithm 
performs  well  if  each  elemental  filter  is  optimally  tuned  for  best  performance  for  specific  pogo 
conditions,  causing  its  residual  to  be  distinguishable  from  those  of  the  mismatched  filters.  It  is 
also  important  not  to  add  excessive  amounts  of  pseudonoise  to  compensate  for  model 
inadequacies,  as  is  often  done  in  conservative  tuning  of  single  Kalman  filters,  since  this  tends  to 
mask  the  distinction  between  good  and  bad  models  [21],  If  the  quadratic  forms  within  the 
exponentials  of  Equation  (2-31)  are  consistently  of  the  same  magnitude,  then  Equation  (2-30)  will 
result  in  the  growth  of  the  pk  associated  with  the  filter  with  the  smallest  value  of  I  Ak  L  The 
values  of  I  A*  I  are  independent  not  only  of  the  residuals,  but  also  of  the  "correctness"  of  the 
K  models,  and  so  the  result  would  be  totally  erroneous  [22].  Therefore,  the  scalar  denominator 
of  the  exponential  in  Equation  (2-31)  might  be  removed  in  the  final  implementation  of  the 
algorithm. 

The  output  of  the  MMAF  algorithm  is  the  probability-weighted  average  of  the  elemental 
filter's  estimates  given  by: 

*-i 

The  conditional  covariance  matrix  for  the  MMAF  is  computed  as: 

*WO  -  E PAW)  *  W»,W)1 

*-! 

where 

M)  =  W-W'/) 

pk  =  kth  filter’s  conditional  hypothesis  probability 


(2-32) 


(2-33) 
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Pk(t*)  m  Arth  filter's  state  error  covariance  matrix  after  incorporating 
the  measurement  at  time  tt 

Since  the  values  of  pk(t,)  and  depend  upon  the  discrete  measurements  taken  through  time 

t„  P^  (t*)  cannot  be  precomputed  as  in  the  case  for  the  elemental  filters.  However,  Equation 
(2-30)  need  not  be  computed  for  the  on-line  filter  algorithm. 

The  calculated  probabilities  of  Equation  (2-30)  should  be  modified  by  an  artificial  lower 
bound  [17,22,371.  This  lower  bound  will  prevent  a  mismatched  filter’s  hypothesis  conditional 
probability  from  converging  to  (essentially)  zero.  If  a  filter’s  pk  should  reach  zero,  it  will  remain 
zero  for  all  time,  as  can  be  seen  from  the  iterative  nature  of  Equation  (2-30).  This  effectively 
removes  that  filter  from  the  bank  and  degrades  the  responsiveness  of  the  MMAF  to  future  changes 
of  the  parameter  values.  If  some  future  pogo  condition  matched  the  model  for  which  the  pk  was 
locked  onto  zero,  that  elemental  filter’s  estimate  would  not  be  appropriately  weighted  and  the 
MMAF  estimate  would  be  in  error.  In  previous  work,  Tobin  [47]  established  a  lower  bound  of 
.001  for  pk(tj). 

2.3  Simulation  Space 

Simulation  of  the  tracking  scenario,  which  encompasses  the  target  trajectory,  the  FLIR 
sensor  operation,  and  the  low-energy  laser  illumination  of  the  missile  hardbody  and  the  generation 
of  the  speckle  return  and  Doppler  measurements,  is  performed  on  a  digital  computer.  A  3- 
dimensional  "simulation  space"  is  generated  wherein  a  target  plume  is  propagated  along  a  realistic 
trajectory.  Several  coordinate  frames  in  the  simulation  space  provide  the  means  of  mathematically 
projecting  the  target  plume’s  infrared  image  and  velocity  vector  onto  the  two-dimensional  FLIR 
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image  plane  [13,16,37].  In  addition,  these  frames  are  utilized  to  project  a  representation  of  the 
hardbody  center-of-mass,  as  well  as  to  define  the  start  and  orientation  of  the  low-energy  laser  scan 
for  generating  speckle  and  Doppler  measurements  [8,9],  This  section  describes  the  different 
coordinate  frames  of  the  simulation  space  and  covers  the  process  of  pointing  the  FLIR  sensor  at 
the  target  during  tracking.  The  coordinate  frame  descriptions  and  figures  in  this  section  are 
repeated  from  Herrera  [14]. 

2.3.1  Coordinate  Frames.  As  shown  in  Figure  2.1,  three  primary  coordinate  frames  are 
defined  in  the  simulation  space:  a  system  inertial  reference  frame,  a  target  reference  frame,  and 
an  a-p-r  reference  frame.  Each  of  these  reference  frames  is  described  in  the  following  paragraph. 

2.3.1 .1  Inertial  Reference  Frame.  The  inertial  reference  frame  is  a  North-Up-East  (NUE) 
frame  wherein  the  target  flight  trajectory  occurs. 

Origin:  location  of  the  FLIR  sensor 

Axes:  ex  -  due  north,  tangent  to  the  earth’s  surface,  defines  zero  azimuth 
e>  -  inertial  "up"  with  respect  to  flat  earth  approximation 
e,  -  vector  completing  right-hand  coordinate  set,  defines  90°  azimuth 

Note:  The  azimuth  angle  (a)  is  measured  eastward  from  e,.  The  elevation  angle 
(P)  is  measured  "up"  from  the  horizontal  plane  defined  by  e,  and  e,. 

2. 3. 1.2  Target  Plume  Reference  Frame.  This  frame  is  located  at  the  target  plume  with 
one  of  its  unit  vectors  co-linear  with  the  target’s  velocity  vector. 

Origin:  plume  intensity  centroid 

Axes:  ev  -  along  the  true  velocity  vector 

epv  -  out  the  right  side  of  the  target,  orthogonal  to  both  ev  and  the 
LOS  vector 

eppv  -  vector  completing  the  right-hand  coordinate  set 
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Figure  2. 1  Three  Primary  Coordinate  Frames  in  Simulation  Space 

Note:  v  -  along  the  velocity  vector 

pv  -  perpendiculai  to  the  velocity  vector 
ppv  -  peipendicular  to  both  v  and  pv 


2.3.13  a  -  P  -  r  Reference  Frame.  The  a-P-r  reference  frame  is  defined  by  the  azimuth 
angle  a'  and  the  elevation  angle  P'  measured  with  respect  to  the  FLIR  line-of-sight  (LOS)  vector 
er  The  true  azimuth  a  and  the  true  elevation  P  are  referenced  from  true  north  and  the  horizon. 
This  frame  is  used  to  project  the  target’s  position  and  velocity  onto  the  FLIR  plane. 


Origin:  center  of  FLIR  FOV 

Axes:  e,,  coincident  with  the  true  sensor-to-target  LOS  vector 


2-13 


eB,  and  ep  define  a  plane  perpendicular  to  e„  rotated  from  inertial  e,  and 
by  the  azimuth  angle  (a)  and  elevation  angle  (0) 

There  are  three  special  coordinate  frames  associated  with  the  a-p-r  reference  frame:  the  a-P 
(FLIR)  plane,  the  absolute  a-P-r  reference  frame,  and  the  trans-FLIR  plane. 

23.1.4  a  -  P  (FUR  Image )  Plane.  The  FLIR  plane  is  used  to  obtain  the  measurements 
of  the  target  plume  position  and  is  the  reference  frame  for  the  geometrically  derived  velocity 
vector  components  of  the  target’s  intensity  centroid.  The  FLIR  plane  is  defined  by  the  ea  and  ep 
unit  vectors,  with  the  LOS  vector  (orthogonal  to  the  FLIR  plane)  representing  the  pointing 
orientation  of  the  FLIR  sensor,  and  the  high  and  low-energy  laser.  Note  the  orientation  of  the 
■hypuR  axis  in  Figure  2.1,  which  allows  the  LOS  vector  to  be  positive  towards  the  target  when  it 
is  considered  the  third  member  of  a  right-handed  set  of  coordinates  as  defined  by  the  unit  vectors 
eP  -  e„  -  e,. 

Due  to  the  large  distance  to  the  target  (approximately  2,000  kilometers),  small  angle 
approximations  are  invoked,  allowing  the  "pseudo"  azimuth  and  elevation  angles,  a'  and  P',  to  be 
linearly  proportional  to  the  x  and  y  cartesian  coordinates  in  the  FLIR  plane.  The  x  and  y 
coordinates  are  measured  in  pixels  (a  pixel  of  linear  length  corresponds  to  15  pradians  of  arc)  and 
will  provide  a  means  of  evaluating  the  performance  of  the  Kalman  filter  associated  with  tracking 
the  intensity  centroid  of  the  target. 

2  3.1.5  Absolute  a-P-r  Reference  Frame.  The  absolute  a-p-r  reference  frame  is  fixed  in 
inertial  space  at  the  initial  a-p-r  coordinates  of  the  target.  This  coordinate  system  defines  the 
initial  pointing  direction  of  the  FLIR  LOS  vector  e„  and  is  also  used  to  define  the  true  and  filter 
estimated  target  positions  and  velocity  components  on  the  FLIR  plane. 
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2. 3. 1.6  Trans-FUR  Plane.  This  plane  is  defined  as  the  result  of  translating  the  center 
of  the  FLIR  FOV  to  the  true  center-of-mass  of  the  missile  hardbody.  The  frame  is  used  to 
determine  the  and  coordinate  errors  of  the  hardbody  center-of-mass  filter’s  estimates, 
for  performance  analysis  purposes. 

2. 3. 1.7  ALT! ACT  Plane.  This  plane,  shown  in  Figure  2.2,  is  a  rotation  of  the  trans-FLIR 
plane  by  the  true  orientation  angle  0,,  formed  by  the  target  trajectory  with  respect  to  the  FLIR 
coordinate  plane.  It  is  used  to  determine  the  along-track  and  across-track  components  of  the 
tracking  error  mean  and  covariance  of  the  hardbody  center-of-mass  estimates  [9].  This  frame  was 
not  used  in  this  thesis. 

2.3.2  FUR  Image  Plane.  All  dynamic  events  associated  with  the  target  plume  intensity 
"pattern"  or  "function,"  and  the  active  illumination  of  the  missile  hardbody  in  3-dimensional 
inertial  space  are  projected  onto  the  2-dimensional  FLIR  image  plane.  The  measurements 
generated  as  a  result  of  IR  detection  by  the  FLIR  sensor  are  provided  to  the  enhanced  correlator 
algorithm,  which  produces  "pseudo-measurements"  to  the  Kalman  filter  to  update  its  state 
estimates.  For  the  missile  hardbody,  low-energy  laser-generated  measurements  of  the  offset 
distance  relative  to  the  plume  intensity  centroid  are  geometrically  projected  onto  the  FLIR  image 
plane.  Thus,  the  FLIR  image  plane  is  the  realm  in  which  the  performance  of  the  Kalman  filter 
is  evaluated.  Also  note  that  it  is  a  natural  plane  for  such  evaluation  of  a  laser  weapon,  since 
pointing  angle  errors  are  critical  and  range  is  not.  This  section  introduces  the  FLIR  Field-Of-View 
(FOV)  "tracking  window,"  and  discusses  the  construction  and  projection  of  the  target  models. 

2.3.2. 1  FUR  Field-Of-View.  The  FLIR  FOV,  shown  in  Figure  2.3,  consists  of  an  8  x  8 
pixel  sub-array  (in  the  FLIR  sensor  300  x  500  pixel  array)  which  provides  sensed  information  as 
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Figure  2.2  FLIR  Plane.  Trans-FLIR  Plane,  and  ALT-ACT  Plane 


a  function  of  the  varying  intensity  of  the  plume  IR  image  and  the  background  and  internal  FLIR 
noise.  Based  upon  this  information,  the  position  estimates  from  the  nine-state  Kalman  filter  serve 
to  center  the  centroid  of  the  plume  IR  image  in  the  FOV.  Since  the  low-energy  laser  is 
boresighted  with  the  FOV,  the  filter  position  and  velocity  estimates  of  the  intensity  centroid  define 
the  origin  and  orientation  of  the  laser  scan  to  "paint"  the  hardbody.  The  errors  of  the  filter’s 
estimates  of  position,  velocity,  and  centroid/center-of-mass  offset,  are  expressed  in  units  of 
"pixels"  or  "pixels'Vsecond.  These  errors  become  meaningful  through  a  pixel  proportionality 
constant,  kp  equal  to  15  pradians/pixel  [14,40].  With  this  constant,  1  pixel  corresponds  to 
approximately  30  meters  for  a  range  of  2,000  kilometers. 
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Figure  2.3  Target  Plume  Image  in  8  x  8  FUR  Field-of-View  (FOV) 


23.2.2  Target  Models  on  the  FUR  Plane.  The  difference  of  two  Gaussian  intensity 
functions  creates  a  planform  that  models  the  hotspot  of  the  plume  target  on  the  FUR  plane  [40], 
as  shown  in  Figure  2.3.  The  "trailing"  function  is  subtracted  from  the  "leading"  function  to 
construct  a  suitable  approximation  of  empirically  observed  plume  intensity  profiles.  If  the 
computed  result  is  negative  at  some  point,  that  negative  value  is  replaced  by  zero.  The  missile 
hard  body  is  not  sensed  by  the  FUR  sensor.  However,  it  is  geometrically  projected  onto  the  FUR 
plane  as  a  rectangle,  located  an  offset  di?  e  from  the  plume  centroid  along  the  target’s  velocity 
vector.  Since  the  FUR  sensor  can  iy  duio  ~  IR  intensity  shape  function  of  the  plume,  the 
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remainder  of  this  discussion  emphasizes  the  intensity  centroid  model.  More  about  the  hardbody 
model  will  be  presented  in  Chapter  ITT. 


2.32.3  Target  Plume  Model  on  the  FUR  Plane.  The  radiated  energy  from  each  intensity 
function  is  represented  as  a  bivariate  Gaussian  distribution  with  elliptical  constant  intensity 
contours.  Each  of  the  two  bivariate  Gaussian  intensity  functions  is  given  by  [40]: 

1  =  7»«exP t-°-5(AocAy)P-1(Aj:Ay)r  ]  (2-34) 

where 


A* 

Ay 

0, 


x,y 


Xpeak’  y peak 


L 


P 


(x  -  xpeak)cosQ,  +  (  y  -  ypMJk)sin0„  measured  along  the  along-track 
(ALT)  axis  of  Figure  2.2 

(  y  •  yPiak> cos0,  -  (x  -  xp<Hjk)sin0„  measured  along  the  across-track 
(ACT)  axis  of  Figure  2.2 

true  target  orientation  angle  between  the  projection  of  the  velocity 

vector  onto  the  FLIR  plane  and  the  x-axis  in  the  FLIR  plane;  see 
Figure  3.2 

coordinate  axes  on  the  a  -  (3  plane 

peak  intensity  coordinates  of  the  single  Gaussian  intensity  function 
maximum  intensity  function 

2x2  target  dispersion  matrix  with  eigenvalues  (ctv2  and  ap2)  that 

define  the  dispersion  of  the  elliptical  constant  intensity  contours,  and 
eigenvectors  that  define  the  orientation  of  the  principle  axes  of  these 
ellipses 


Figure  2.4  illustrates  the  spatial  relationship  between  the  two  intensity  functions  along  the  target 
e„  axis.  The  displacement  values  arc  based  on  the  assumption  that  the  dispersion  of  the  exhaust 
plume  in  the  epr  direction  (normal  to  both  e„  and  the  I, OS  vector)  is  approximately  20  times  the 
diameter  of  the  missile  [40].  With  the  dimensions  of  the  hardbody  chosen  as  40  meters  long  and 
3  meters  in  diameter,  the  centroid  of  the  first  intensity  function  is  located  65  meters  behind  the 
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Figure  2.4  Spatial  Relationship  of  Target  Hume  Gaussian  Intensity  Functions 


hardbody  center-of  mass.  The  placement  of  the  first  centroid  simulates  the  composite  centroid 
of  the  exhaust  plume  being  close  to  the  missile  exhaust  nozzle,  whereas  the  position  of  the  second 
centroid  enables  one  to  simulate  different  plume  shapes.  The  second,  "trailing"  centroid  is 
arbitrarily  located  1 10  meters  from  the  center-of-mass  and  the  defined  spatial  relationship  remains 
fixed  in  the  target  frame  during  the  simulation.  Any  external  forces  acting  on  the  missile  other 
than  thrust  and  gravity  are  assumed  negligible,  which  thus  yields  an  assumed  zero  sideslip  angle 
as  well  as  zero  angle  of  attack.  These  assumptions  allow  the  semi-major  axes  of  the  elliptical 
constant-intensity  contours  to  be  aligned  with  the  projection  of  the  target’s  velocity  vector  onto 
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the  FUR  image  plane,  and  provides  a  simplified  simulation  geometry  while  retaining  the  essential 
features  of  the  trajectory  simulation. 


2,3.24  Target  Plume  Projection  onto  the  FUR  Plane.  As  the  target  plume  is  propagated 
through  inertial  space,  the  output  of  the  FUR  pixels  is  simulated  by  projecting  the  two  intensity 
functions  onto  the  FUR  plane.  The  geometry  of  the  projection  is  shown  in  Figure  2.5.  The 
"reference  target  image"  is  oriented  on  the  FUR  plane  to  correspond  to  the  largest  apparent 
planform  (i.e.,  with  its  velocity  vector  orthogonal  to  the  LOS  vector)  at  a  given  initial  reference 
range,  r0.  As  seen  in  Figure  2.6,  the  target  intensity  image  is  defined  by  the  dispersion  along  the 
principle  axes  of  the  two  Gaussian  intensity  functions,  given  by: 

(  \ 
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(2-35) 


where 
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=  the  initial  dispersions  of  the  target  intensity  functions  along  ev  and  epv  in  the 
target  frame  of  the  reference  image 
=  the  current  dispersions  of  the  target  image 
=  initial  sensor-to-target  range  of  the  reference  image 
=  current  sensor-to-target  range 
=  initial  velocity  vector  of  the  target 
=  magnitude  of  v 

=  projection  of  v  onto  the  a  -  p  plane  (FLIR);  i.e.,  the  component  of  v 
perpendicular  to  the  LOS  vector 
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Figure  2.5  Target  Plume  Intensity  Centroid  Projection  Geometry 
Vjj =  magnitude  of  v^: 


=  vex2  +  P2 


(2-37) 


Y  =  target  aspect  angle  between  v  and  the  a  •  p  plane  (FLIR) 
0  =  angle  between  and  +%UR 
AR  =  ajapm :  aspect  ratio  of  the  reference  image 


Referring  back  to  Figure  2.4,  the  location  of  each  intensity  function,  or  "hotspot,"  is 
initialized  as  a  displacement  from  the  hardbody  center-of-mass.  The  intensity  functions  are 
oriented  in  the  FLIR  plane  via  the  true  target  orientation  angle  6,.  The  relative  positions  of  the 
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Figure  2.6  Intensity  Centroid  Dispersion  Axes  in  FLIR  Plane 


two  intensity  functions  in  the  FLIR  plane  vary  in  response  to  the  change  in  target  aspect  angle  y 
(of  Figure  2.5)  while  the  spatial  relationship  of  the  hotspots  remains  the  same  in  the  three- 
dimensional  target  frame.  If  the  plume  pogo  forcing  input  is  applied,  the  hotspots  do  not  remain 
fixed  in  the  target  frame,  causing  the  composite  image  centroid  to  oscillate  along  the  velocity 
vector  and  produce  additional  perturbations  to  the  hotspot  image  in  the  FLIR  plane,  as  will  be 
described  in  the  truth  and  filter  model  sections  in  Chapters  III  and  IV  respectively. 

2.32.5  Target  Plume  Velocity  Projection  onto  the  FUR  Plane.  The  general  discrete-time 
equation  that  models  the  target  dynamics  is  given  by: 

*(',♦>)  =  +  )*,(/,)  (2-38) 


where 


Wm>Q  = 
x(0  * 

= 

u(t,)  = 
= 

= 


the  system  state  transition  matrix 
discrete-time  vector  of  states  of  interest 
discrete-time  control  input  matrix 
discrete-time  deterministic  control  input  vector 
discrete-time  driving  noise  input  matrix 

discrete-time,  zero-mean,  white  Gaussian  noise  process  with  independent 
components  and  covariance  Qd 


Based  on  the  geometry  shown  previously  in  Figure  2.5,  the  projection  of  the  target’s 
inertial  velocity  vector  onto  the  FLIR  image  plane  is  the  deterministic  input  vector  given  by  [13]: 

«„(',)  =  [«'«,)  (yet,)]"  (2‘39) 

where 

Utft,)  as  true  target  deterministic  input  vector 
a'( t,)  =  target  azimuth  rate  in  the  FLIR  plane 
=  target  elevation  rate  in  the  FLIR  plane 


As  seen  in  the  inertial  frame  diagrams  of  Figure  2.7,  the  azimuth  angle  can  be  defined  as: 


a(r)  =  arctan 


z(r) 


x{t) 


(2-40) 


Taking  the  time  derivative  of  Equation  (2-40)  and  noting  that  the  sensor-to-target  range  is  large 
so  that  a'(tj)  =  dj(tt),  the  azimuth  velocity  in  the  FLIR  plane  is  given  by: 

*(0v,(0  -  z(t)vx(0 


d'(0  =  d(0  = 


x2(t)  +  z\t) 


(2-41) 


where 


v, ,  v,  =  components  of  the  target’s  inertial  velocity  in  the  ex  and  et  directions 
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Similarly,  the  elevation  velocity  in  the  FLIR  plane  is  given  by: 


m  -  M 


rk(t)vyU)  -  y(t)tk(t) 


(2-42) 


where 


wy 

rh 


component  of  the  target’s  inertial  velocity  in  the  e,  direction 
horizontal  projection  of  the  sensor-to-target  range,  with  its  time  derivative 
expressed  as: 


A<0v,(/)  +  z(t)vp) 

7JF) 


(2-43) 


Azimuth  Geometry  Elevation  Geometry 


■  FLIR  Souor 
•  Target  Plume  Intensity  Centroid 


Figure  2.7  Inertial  Velocity  FUR  Plane  Projection  Geometry 


r  -  j~xJ+  yJ  +  z* 

r*  " I**  +  z* 
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2.3.3  FUR  Sensor  Pointing  Controller.  The  Kalman  filter’s  propagated  estimates  of  the 
intensity  centroid’s  position  dictate  the  necessary  change  in  azimuth  and  elevation  that  the  FUR 
sensor  should  undergo  over  the  next  sample  period  to  center  the  hotspot  on  the  FLIR  FOV  plane 
at  the  next  measurement  sample  time.  Ideally,  these  positional  estimates  are  fed  as  commands  to 
a  pointing  controller  that  physically  implements  the  directional  changes  within  one  sample  period 
(1/60  sec).  The  original  sample  period  used  in  the  recent  past  for  the  benign  trajectory  scenarios 
has  been  1/30  second.  For  this  thesis,  the  sample  period  was  cut  in  half  for  two  major  reasons. 
First,  it  was  hypothesized  that  the  reduced  sample  period  might  allow  for  closer  inspection  of  the 
difficulties  surrounding  estimation  of  the  atmospheric  jitter  states.  If  the  reduced  sample  period 
does  not  aid  this  investigation,  it  should  at  least  reduce  the  differences  in  errors  at  the  beginning 
and  end  of  the  propagation  period.  The  second  reason  that  the  sample  period  was  reduced  to  1/60 
second  was  to  maintain  conformity  with  the  current  hardware  and  software  being  developed  at  the 
Phillips  Laboratory.  The  most  recent  programs  utilizing  the  FLIR  and  LEL  measurements  for 
tracking  and  pointing  a  high  energy  laser  are  using  the  1/60  second  sample  period  [4]. 

The  activation  and  execution  of  the  commands  to  the  FLIR  for  directional  changes  will 
not  be  perfect  due  to  the  lag  dynamics  inherent  in  the  controller,  and  the  resultant  mis-positioning 
of  the  hotspot  may  be  interpreted  by  the  filter  as  target  motion,  causing  inaccurate  estimates  of 
future  states.  Whether  or  not  to  include  the  controller  lag  dynamics  in  the  simulation  was  the 
subject  of  a  previous  thesis  [37].  It  was  found  that  the  apparent  target  motion  caused  by  the  lag 
dynamics  are  interpreted  by  the  filter  as  atmospheric  jitter  (as  a  result  of  the  choice  of  tuning 
parameters  for  the  filter),  implying  a  degree  of  robustness  on  the  part  of  the  filter  to  track  a  target. 
Moveover,  the  degradation  in  tracking  performance  due  to  the  dynamic  lag  was  found  not  to  be 
of  primary  importance.  Thus,  the  controller  is  modeled  as  lag-free  in  this  research. 
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2.3.4  Target  Scenarios.  Two  different  scenarios  were  utilized  for  simulations  in  this 
research.  The  first  scenario  was  employed  for  both  the  stochastic  observability  tests  and  the 
MSOFfi  Monte  Carlo  runs.  The  tracker  was  given  the  proper  initial  conditions  of  the  target  (to 
similate  a  handoff  from  another  tracker)  and  was  to  track  a  missile  possessing  the  characteristics 
and  following  the  profile  of  a  Minuteman  II  [4,5].  Over  the  ten  second  simulation  period,  a 
nominal  intercept  range  of  200  km  and  negligible  acceleration  were  assumed.  In  the  MSOFE 
simulations,  the  truth  model  was  programmed  to  maintain  a  constant  velocity  equal  to  the  average 
value  determined  over  the  simulation  period  [5].  As  with  the  reduced  sample  period,  the  reduced 
range  (from  2000  Km  to  200  Km)  was  derived  from  intercept  scenarios  recently  developed  for 
use  at  Phillips  laboratory.  The  intent  is  eventually  to  revise  the  scenario  modeled  in  the  AFIT 
software  and  compare  filter  performance  under  the  new  conditions. 

The  second  scenario,  used  for  the  Monte  Carlo  simulations  in  the  AFIT  software  and 
referenced  throughout  this  thesis,  was  the  same  as  used  in  previous  theses.  An  Atlas  type  missile 
is  simulated  traveling  at  a  range  of  2000  km  from  the  platform  with  a  constant  velocity.  The 
original  intent  of  the  runs  was  to  complete  a  few  simulations  with  the  old  parameters  and  then 
eventually  to  update  the  conditions  to  match  the  first  scenario.  This  was  not  done  for  two  major 
reasons.  The  first  reason  was  that  a  direct  comparison  of  the  new  filter’s  performance  with 
previous  filters  was  desired  and  the  second  was  that  the  new  filter  including  pogo  states  was  never 
satisfactorily  tuned  to  elicit  its  maximum  performance  potential.  A  complete  description  of  all 
initial  conditions  and  flight  parameters  of  the  truth  model  is  contained  with  the  truth  model 
description  in  Chapter  III. 
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2.4  Summary 


This  chapter  presented  the  theoretical  background  required  to  understand  the  research 
explained  in  the  rest  of  the  thesis.  It  briefly  developed  the  linear  Kalman  filter  for  both 
continuous  and  discrete-time  processing,  and  it  also  presented  the  extended  Kalman  filter 
modification  to  the  update  equations  to  allow  for  nonlinear  measurement  models  to  be  used.  The 
mathematical  models  presented  in  the  Kalman  filter  section  will  relate  directly  to  the  truth  and 
filter  models  described  in  Chapters  in  and  IV  respectively.  Section  three  of  this  chapter  contained 
a  complete  description  of  the  various  coordinate  frames  used  for  the  simulations.  The  different 
coordinate  frames  were  required  in  order  to  simulate  the  scenario  realistically  in  inertial  3-space 
and  to  transform  the  missile  trajectory  into  coordinate  systems  useful  for  sensor  and  computer 
processing.  The  third  section  also  outlined  the  inter-relationships  of  the  coordinate  frames. 
Finally,  this  chapter  briefly  summarized  the  pointing  controller  for  the  HEL  and  the  two  target 
scenarios  exploited  in  the  thesis. 
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III.  Truth  Model 


3.1  Introduction 

In  order  to  analyze  the  tracking  algorithms  of  interest  successfully,  they  must  be  subjected 
to  as  many  of  the  dynamic  variables  that  would  be  encountered  in  the  real  world  as  possible.  The 
truth  model  is  a  mathematical  model  derived  for  simulation  purposes  which  embodies  all  of 
pertinent  states  necessary  to  create  a  realistic  environment  in  which  the  filter  will  operate  [21]. 
In  theory,  an  absolute  truth  model  could  be  of  infinite  dimension.  In  practice,  only  the  dominant 
characteristics  that  will  affect  the  system  of  interest  need  be  modeled.  The  truth  model  should 
be  developed  through  thorough  testing  and  analysis  of  data  collected  in  the  real  world  from  the 
measuring  instruments.  Shaping  filters  should  then  be  developed  and  compared  to  the  empirical 
data  to  validate  the  model. 

This  chapter  will  present  the  truth  filter  models  used  for  development  and  testing  of  the 
elemental  linear  Kalman  filters  in  the  AFIT  simulation.  It  will  also  cover  the  models  used  to 
generate  measurements  for  the  filter  updates  and  the  detailed  parameters  used  for  the  truth  model 
simulation  (initial  conditions,  etc).  Since  the  AFIT  truth  model  has  remained  virtually  unchanged 
since  the  previous  thesis,  the  portions  discussing  the  model  were  taken  from  Chapter  IV  of 
Herrera's  thesis  [14]  with  minor  alterations. 

The  models  used  for  MSOFE  [6]  were  reduced-order  versions  of  the  model  used  in  the 
AFIT  software  and  described  in  Section  3.2,  that  incorporated  a  subset  of  the  major  characteristics 
desired  for  the  observability  studies.  They  were  also  implemented  as  continuous-time 
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dynamics/discrete-time  measurement  models  in  MSOFE  as  opposed  to  the  discrete-time  dynamics 
equations  employed  in  the  AFIT  software.  The  truth  models  and  filter  models  used  for  MSOFE 
were  identical  except  for  the  different  tuning  values  that  adjusted  noise  levels  in  the  filter.  The 
reader  shvuld  review  the  next  section  for  an  understanding  of  the  entire  truth  model  and  refer  to 
Chapter  IV  for  the  specific  models  used  for  MSOFE  analyses. 

3.2  Truth  Dynamics  Model 

The  essential  conditions  which  must  be  generated  in  the  AFIT  truth  model  include  the 
underlying  dynamic  states  of  the  target,  jitter  from  atmospheric  disturbances,  bending/vibration 
of  the  host  platform,  and  measurement  noises  in  the  sensors.  As  previously  noted  in  Chapter  I, 
the  truth  model  was  originally  developed  when  only  FUR  measurements  were  available.  As  a 
result,  the  truth  dynamics  model  defines  the  target  in  terms  of  the  image  intensity  centroid,  not 
the  missile  center-of-mass.  The  true  location  of  the  hardbody  is  determined  by  adding  a  constant 
centroid  to  center-of-mass  offset  (87.5  m)  to  the  equilibrium  point  about  which  the  centroid 
oscillates.  The  system  describing  the  target  image  includes  the  following  fourteen  states 
[14,17,31,40]: 

2  target  dynamic  states 
6  atmospheric  states 
4  mechanical  bending  stares 
2  pogo  oscillation  states 

The  dynamics  of  the  image  intensity  centroid  are  represented  as  positional  changes  in  the  FLIR 
plane,  with  the  centroid  components  xc  and  yc  being  measured  in  pixels  from  the  center  of  the 
FOV  in  the  x  and  y  FLIR  plane  directions.  Referring  to  Figure  3.1,  the  position  of  the  target 
image  centroid  at  any  one  time  is  given  by: 
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X . 


x.  +  jc  +  xh  +  jc„cos9, 

(  a  o  p  t 


(3-1) 


where 

x„  y, 
ya 
xb,yb 
xP 
0, 


ye  =  y,  +  ya  +  yb  -  v1110*  (3-2) 

=  target  image  intensity  centroid  coordinates 
=  coordinate  deviation  due  to  target  dynamics 
=  coordinate  deviation  due  to  atmospheric  jitter 
=  coordinate  deviation  due  to  bending/vibration  of  optical  hardware 
=  coordinate  deviation  due  to  pogo  oscillations  along  the  velocity  vector  direction 
=  true  target  orientation  angle 
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Note  the  minus  sign  before  the  resolved  pogo  component  in  Equation  (3-2)  due  to  the  coordinate 
definition  of  the  FLIR  coordinate  frame.  The  states  xa,  xb,  x,,  xp,  ya,  yb,  and  y,  comprise  the  output 
states  which  are  extracted  firom  an  overall  state  model  in  the  form  of  fourteen  coupled  scalar 
stochastic  differential  equations.  The  states  x,  and  y,  are  each  modeled  by  first-order  differential 
equations;  x„,  yb,  and  xp  are  each  modeled  by  second-order  differential  equations;  and  xa  and  y„  are 
each  modeled  with  third-order  differential  equations.  These  differential  equations,  when  in  state- 
space  format,  comprise  the  dynamics  portion  of  the  FLIR  tracker  truth  model. 

The  14-state  model  state  vector  is  described  by  a  first-order,  stochastic  differential 
equation  given  by  (note  the  use  of  the  capitol  f  subscript  to  denote  reference  to  the  truth  model, 
as  opposed  to  a  lower  case  t  to  reference  variables  associated  with  target  dynamics); 

*T(t)  =  FTxT(t)  *  BTur(t)  +  GTwT(t)  (3-3) 

where 

Ft  =  14  x  14  time-invariant  truth  model  plant  matrix 

xT(t)  =  14-dimensional  truth  model  state  vector 
Bt  =  14  x  2  time-invariant  truth  model  control  distribution  matrix 

uT(t)  =  2-dimensional  deterministic  input  vector 
Gt  =  14  x  14  noise  distribution  matrix  (Gr  =  I) 

wT(t)  =  14-dimensio  lal,  white  Gaussian  noise  process  with  mean  and  covariance 
kernel  statistics: 


E(wT(t)\  «  0 

E{wr(t)w?{t  +  t)}  =  Qrm 


(3-4) 


To  simulate  the  target  dynamics  model  on  a  digital  computer,  the  following  equivalent 


discrete-time  solution  to  Equation  (3-3)  is  given  by: 


xT  (t, )  =  14-dimensional  discrete-time  truth  model  state  vector 
Brd  =  14  x  2  discrete-time  truth  model  control  distribution  matrix 

uTi  (t,)  -  2-dimensional  discrete-time  input  vector 

Grd  =  14  x  14  discrete-time  noise  distribution  matrix,  (Gu  =  I) 

wTd  (tt )  =  12-dimensional  discrete  time,  white  Gaussian  noise  process  with  mean  and 
covariance  statistics: 


EiwTd(t.))  =  0  (3-7) 

E(wrd(tl)w^d(tl)}  =  QTd  =  f4»r(r,+1  -  t)GtQtG^m  -  x)dx  (3-8) 

{ 

where  Qr  is  defined  in  Equation  (3-4).  The  discrete-time  input  distribution  matrix  BTd  is  defined 
as: 

BTi  =  -  x)BTdx  (3-9) 

Note  that  this  computation  assumes  uT(t)  is  constant  over  each  sample  period:  uT(t)  =  uT/tt)  for 
all  t  €  [t,  ,tM  ).  This  input  simulates  a  true  constant  velocity  trajectory  for  the  missile. 

The  fourteen  states  of  the  discrete-time  truth  model  are  defined  in  the  x  and  y  coordinate 
axes  of  the  FUR  plane  as: 
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ypuR 

1  target  state 


XFUR 

1  target  state 

3  atmospheric  states  3  atmospheric  states 

2  bending/vibration  states  2  bending/  ibration  states 

2  plume  pogo  states  (position  and  velocity 


where  the  plume  pogo  states  are  in  neither  the  xFUR  nor  yFUk  direction  but  defined  along  the 
velocity  vector.  These  states  are  augmented  into  the  truth  model  state  vector: 


where 

x,  =  2-dimensional  target  dynamics  state  vector 
xa  =  6-dimensional  atmospheric  state  vector 
xb  -  4-dimensional  bending/vibration  state  vector 
xp  =  2-dimensional  plume  pogo  state  vector 


(3-10) 


The  14  x  14  discrete-time  truth  model  state  transition  matrix  d>T  is  given  by: 


<j>  = 


:  0 

!  0 

;  0 

0 

:  *; 

i  0 

:  0 

0 

1  ° 

: 

:  0 

0 

o  | 

0 

•  *  •• 

(3-11) 


where  the  partitions  correspond  to  the  dimensionality  of  the  states  defined  above.  The  14  x  2 
discrete-time  truth  model  distribution  matrix  BTd  is  given  by: 
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(3-12) 


where  BTd  is  a  2  x  2  discrete-time  control  distribution  matrix.  The  14-dimensional  discrete-time 
truth  model  wliite  Gaussian  noise  process  wTd  is  given  by: 


where 


WTd  = 


w 


ad 


W 


bd 


W. 


(3-13) 


wjCtJ  =  6-dimensional  discrete-time,  white  Gaussian  noise  related  to  atmospheric 
jitter  states 

h ’Jit)  =  4-dimensional  discrete-time,  white  Gaussian  noise  related  to  bending  states 
wpJti)  =  2-dimensional  discrete-time,  white  Gaussian  none  related  to  plume  pogo 
states 


The  block  diagonal  form  of  Equation  (3-5),  as  seen  in  Equations  (3-10)  through  (3-13),  allows  the 
models  for  target  dynamics,  atmospheric  jitter,  bending/vibration,  and  plume  pogo  to  be  presented 
separately.  The  following  sections  discuss  each  of  the  discrete  state  models  which  form  the 
stochastic  discrete-time  truth  model. 


3.2.1  Target  Dynamics  State  Description.  As  depicted  in  Figure  3.2,  the  a-(J  plane  (FLIR 
image  plane)  is  coincident  with  the  FLIR  sensor  FOV,  and  perpendicular  to  the  LOS  vector  er 
In  the  simulation,  the  3-dimensional  target  dynamics  are  projected  onto  the  FLIR  image  plane,  and 
the  position  components  of  the  target’s  intensity  centroid  are  obtained  from  the  azimuth  and 
elevation  displacement  angles  (a '  and  |3 respectively).  Since  the  target  distance  is  simulated 
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Figure  3.2  Target  Centroid  Image  on  a- (3  Plane  with  "Pseudo"  Angles 


as  2,0(  )  kilometers,  small  angle  approximations  are  used  for  measuring  the  angle  displacements 
in  the  cartesian  coordinate  system  of  the  FLIR  image  plane.  These  "pseudo"  angles,  a '  and  [3 ', 
are  referenced  from  the  current  LOS  vector  and  measured  in  microradians.  Note  that  the  unusual 
orientation  of  the  +yFUR  axis  in  Figure  3.2  allows  the  positive  z  axis  to  be  in  the  positive  er 
direction  (by  the  right-hand  rule). 

The  linear  translational  coordinates,  xc  and  yc  of  Equations  (3-1)  and  (3-2),  locate  the 
target  intensity  function  on  the  FLIR  plane  and  are  measured  in  pixels  of  displacement  from  the 
center  of  the  FUR  FOV.  The  angular  and  linear  measurements  are  related  by  the  pixel 
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proportionality  constant  kp,  which  is  the  angular  FOV  of  a  single  pixel.  Presently,  the  value  of 
kp  is  approximately  15  raicroradians  per  pixel  for  long  range  targets  [8,40]. 


32.1.1  AFIT  Discrete-Time  Target  Dynamics.  The  derivation  of  the  state  space  model  of 
the  target  dynamics  assumes  that  the  azimuth  and  elevation  rates  (a '  and  (3 ',  respectively) 
remain  essentially  constant  over  each  sample  period  At.  Then  the  discrete-time  target  dynamics 
model  is: 


*,<'«>  =  x,<0  + 


(a1)  (At) 


yMJ  -  - 


(P')(A  t) 


Arranging  these  equations  in  state  space  form  yields: 

*,(',♦,)  =  +  B,ut(t,) 


(3-14) 


(3-15) 


(3-16) 


where 


*/(*/*  l) 

n  i 
1  0 

W 

M  c 

a%) 

= 

+ 

yM.i\ 

0  1 

0 

7 

P'(',) 

(3-17) 


a  '(0  -  da  '/dt,  measured  in  microradians/second  and  constant  over  the  time  interval 
At 

P '( it)  =  t/p  7 dt,  measured  in  microradians/second  and  constant  over  the  time  interval 
At 


At  -  sample  time  interval,  t,+1  - 1,  (1/60  seconds) 

kp  =  pixel  proportionality  constant  (15  microradians/pixel) 
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Using  these  lciationships  in  block  form  of  the  overall  truth  model,  by  inspection  of  Equation 
(3-11),  the  upper  left  block  is: 


and  the  upper  block  of  Equation  (3-12)  is: 


and  the  input  vector  in  Equation  (3-5)  is  given  by: 


(3-18) 


(3-19) 


(3-20) 


n.  Tiinus  sign  of  the  lower  right  term  in  Equation  (3-19)  is  due  to  the  difference  in  the  y  axis 
oiiencation  between  the  inertial  coordinate  frame  and  the  FLIR  coordinate  plane. 


The  two  target  dynamics  states  of  Equation  (3-10)  are  used  to  propagate  the  missile  along 
its  trajectory.  The  formulation  of  the  truth  model  target  dynamics  states  in  deterministic  state 
space  form  has  two  advantages.  First,  Equation  (3-17)  can  be  substituted  back  into  Equation  (3-5) 
to  form  a  single  augmented  vector  differential  equation  that  defines  the  truth  model.  Second,  the 
state  space  form  allows  the  addition  of  white  (or  time-correlated)  noise  to  Equation  (3-17),  if  a 
stochastic,  rather  than  a  deterministic  dynamics  model,  is  desired. 


3.2.12  MSOFE  Continuous-Time  Target  Dynamics.  As  shown  in  Chapter  IV,  an 
equivalent  continuous-time  dynamics  constant  velocity  model  was  simulated  in  MSOFE  by  letting 
the  deterministic  input  vector  of  Equation  (3-20)  equal  zero.  Two  velocity  states  (along  the  FLIR 
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plane  axes)  were  augmented  to  the  state  vector  for  a  total  of  four  states  describing  target 
dynamics.  The  desired  constant  velocity  trajectory  is  achieved  by  designing  the  plant  matrix,  F,, 
in  Equation  (3-3)  such  that  the  target  dynamics  are  modeled  by  t  =  v  and  i  -  a  =  0. 

3.2.2  Atmospheric  Jitter  Model.  The  model  for  the  translational  displacement  of  the 
intensity  function  due  to  atmospheric  disturbances,  is  based  on  a  study  by  The  Analytic  Sciences 
Corporation  [31].  Using  power  spectral  density  characteristics,  the  atmospheric  jitter  phenomenon 
in  each  FLIR  plane  axis  direction  can  be  modeled  as  the  output  of  a  third-order  shaping  filter 
driven  by  white  Gaussian  noise  [31].  The  Laplace  domain  representation  of  the  shaping  filter 
transfer  function  is  given  by: 

*«<*>  ,  Ka<»&  (3.2i) 

Wa(s)  ( S  +  (DjXs  +  (02)2 

xa  as  output  of  shaping  filter  (jc^  direction) 

wa  =  zero-mean,  scalar,  unit-strength  white  Gaussian  noise 

Ka  as  gain,  adjusted  for  desired  atmospheric  jitter  rms  value 

to,  =  break  frequency,  14. 14  radians/second 

to2  =  double-pole  break  frequency,  659.5  radians/second 

The  atmospheric  jitter  effects  can  be  modeled  similarly  in  the  yr,m  direction,  where  ya 
would  be  the  output  of  an  identical  shaping  filter  defined  in  Equation  (3-21).  The  two  shaping 
filters  are  assumed  to  be  independent  of  each  other  and  can  thus  be  augmented  to  form  a  six-state 
model.  The  linear  stochastic  differential  equation  that  describes  the  atmospheric  jitter  is  given  by: 

*.(')  =  *>.(')  +  Gwm(t)  (3-22) 

where 

pc  =  6x6  time-invariant  atmospheric  jitter  plant  matrix 
xjt)  =  6-dimensional  atmospheric  jitter  state  vector 
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Ga  =  6x2  noise  distribution  matrix 

wjt)  =  2-dimensional,  independent,  zero  mean  white  Gaussian  noise  with  unit 
strength  and  independent  components  described  as: 


Etojtt,))  =  0 


E{wa«t)wJ(t'))  =  Qt  6(i)  = 


1  0 
0  1 


8(t) 


(3-23) 


The  six  atmospheric  states  in  the  state  vector  correspond  to  the  low  frequency  pole  and  the  higher 
frequency  double  pole  in  the  %jR  and  the  directions.  The  atmospheric  jitter  plant  matrix  is 
defined  in  Jordan  Canonical  form  as: 


Fa  = 


The  noise  distribution  matrix  Ga 


-co,  0  0  0  0  0 

0  -to2  1  0  0  0 

0  0  ~(02  0  0  0 

0  0  0  -to,  0  0 

0  0  0  0  -to,  1 

0  0  0  0  0  -to2 


(3-24) 


3-12 


0 


Kg®!®] 

(<0,  ~  t02)2 

(to,  -  C02)J 

*,tQ,toj 

1®T  -  ®2) 

G“  =  „  2 

0 

(to,  -  a>2)2 

0 

(COj  -  to2)2 

0 

(to,  -  to2) 

The  equivalent  discrete-time  model  for  Equation  (3-22)  is  of  the  form: 


(3-25) 


0*J0  +  (3‘26) 

The  augmented  six-state  state  transition  matrix  derived  from  the  time-invariant  plant  matrix  of 
Equation  (3-24)  is  [31]: 


where 


4> 

v«ll 

0 

0  0 

0 

0 

0 

^22 

*fl23  0 

0 

0 

<*>,(Af)  = 

0 

0 

*033  0 

0 

0 

0 

0 

o  *a44 

0 

0 

0 

0 

0  0 

^aSS 

^56 

0 

0 

0  0 

0 

*^0  66 

ii 

*a44 

s 

exp(-<D,A/) 

*a22  = 
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exp(-(o2A/) 

K» 

II 

= 

As  exp(-co2A/) 

3-13 


33  =  &C66  =  exp(-co2A  t) 

A t  -  sample  time  interval,  tM  - 1, 


The  6-dimensional,  zero-mean,  discrete-time,  white,  Gaussian  noise  has  statistics  defined 
as: 


E(wM)  =  0 


=  Qai 


fW 


(3-28) 


The  individual  components  of  are  not  included  here  due  to  their  length  and  complexity; 
however  the  reader  may  refer  to  the  software  for  a  full  description  [30]. 


For  the  approximated  two-state  atmospheric  jitter  model,  only  a  single-pole  shaping  filter 
is  used  in  each  direction  to  produce  the  approximated  PSD.  The  state  space  equations  are 
truncated  from  six  to  two  states  with  only  the  first  the  break  frequency,  co„  used  in  each  direction. 
The  plant  matrix  in  Equation  (3-24)  becomes  a  2  x  2  with  -Oi  as  the  diagonal  terms  and  Equation 
(3-25)  also  becomes  2x2  with  K flco1  on  the  diagonal. 


3.2.3  BendingIVibration  Model.  The  mechanical  bending  states  were  added  to  the  truth 
model  to  account  for  the  vibrational  effects  in  the  FLIR  data  that  occur  when  the  sensor  is 
mounted  on  a  moving,  non-rigid  optical  platform  [17].  Based  on  tests  at  the  AFWL  (now  Phillips 
Laboratory),  it  was  concluded  in  previous  research  [17]  that  bending  effects  in  both  the  and 
yHJR  directions  can  be  represented  by  a  second  order  shaping  filter,  driven  by  white  Gaussian 
noise.  The  Laplace  domain  transfer  function  for  the  bending  model  is: 

*» ^  =  Kb<°nb  (3-29) 

+  2£  ba>Hl?  +  <oHb 
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where 


xb  -  FUR  plane  positional  offset  (xFm  direction)  due  to  mechanical  bending 
disturbance 

w4  =  zero-mean,  unit  strength,  white  Gaussian  noise 
Kb  =  gain  adjustment  to  obtain  desired  rms  bending  output, 

(Kb  =  5  x  10'13rad4/sec4) 

X,b  =  damping  coefficient,  equal  to  0.15 
(oKb  =  undamped  natural  frequency  for  bending,  (to  =  n  rad/sec) 

The  FLIR  plane  positional  offset  in  the  direction,  yb,  is  identically  modeled  with  the 
shaping  filter  defined  in  Equation  (3-29).  The  two  shaping  filters  are  assumed  to  be  independent 
of  each  other  and  can  thus  be  augmented  to  form  a  four-state  model.  The  linear  stochastic 
differential  equation  that  describes  the  bending/vibration  is  given  by: 

Jf*(0  =  F^i)  +  Gtwb0)  (3-30) 

where 

Fb  =  4x4  time-invariant  bending  plant  matrix 
xb( t)  =  4-dimensional  bending  state  vector 
G„  =  4x2  noise  distribution  matrix 
wb( t)  =  2-dimensional,  white  Gaussian  noise  process  with  unit  strength 
components  that  are  independent  of  each  other: 

Eiwjfi)  =  0 

[l  o]  (3-31) 

E(wt(t)wl(f+i)\  =  Qb  5Ct)  =  6(t) 

JO  1 

The  bending/vibration  plant  matrix  is  defined  as: 
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^mi  =  ^M3  =  exp(-CT^A/)rcos((0(^/)  +  (oJ<ab)  sin(av^)] 

^M2  =  ^34  =  exp(-CT(7A/)t(l/a„)  sin(avAO] 

*«i  =  <t>M3  *  exp(-a*A/)[-l  -  (OiM)2  sin(u>*A/)] 

^*22  =  =  exp(-o^)[cos(o)4A/)  -  (oM)  sin(avl/)] 

At  -  sample  time  interval,  r(+,-r, 

ab  =  real  part  of  the  root  of  the  characteristic  equation  in  Equation  (3-29), 
( ab  =  0.47124  second  ‘) 
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(ob  =  imaginary  part  of  the  root  of  the  characteristic  equation  in  Equation  (3-29), 
((ob  =  3.10605  radians/second) 

The  4-dimensional,  discrete-time,  white  Gaussian  noise  process  vector  yfdb(tt)  has  mean  and 
covariance  statistics: 

J(wM(r.)}  =  0 

(3-36) 

E{w„(t,ywto$  =  Qbd  =  J^(ri+rt)G4fiiG>r(ri.+l-T)dT 


3.2.4  Plume  Pogo  Model.  To  account  for  the  oscillatory  nature  of  a  typical  missile  plume 
in  the  boost  phase,  a  plume  pogo  model  was  developed  [40].  A  second-order  Gauss-Markov 
model  was  generated  using  physical  insight,  and  visual  observation  of  the  pogo  phenomenon.  The 
model  allows  for  the  study  of  the  amplitude  and  frequency  characteristics  of  the  oscillatory  nature 
of  the  plume,  and  of  the  effect  upon  tracking  a  missile  using  a  Kalman  filter. 


The  transfer  function  of  the  plume  pogo  model  is  described  in  the  Laplace  domain  as: 


where 


*,(*)  =  Kpu>lr 

j2  +  2Cpa>„/  +  < 


(4-37) 


xp  =  plume  pogo  shaping  filter  output  along  the  direction  of  the  velocity  vector 
wp  =  zero-mean,  unit  strength,  white  Gaussian  noise 
=  assumed  damping  coefficient,  (£  =  0.05) 
to v  ~  nominal  undamped  natural  frequency  for  pogo;  assumed  range  is  0.1  -  10 
Hertz,  with  a  nominal  value  of  1.0  Hertz 

Kp  =  gain  adjustment  to  obtain  desired  rms  pogo  amplitude  determined  by  [40]: 
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\|  nt> 


(3-38) 


where 


=  desired  rms  pogo  along  the  velocity  vector 


The  linear  stochastic  differential  equation  that  describes  the  plume  pogo  is  given  in  state 


space  form  as: 


'  0  1  0 

*('/)  =  2  +  2 

-<»nP  -WpV'pj 


(3-39) 


where 


x/0  =  2-dimensional  pogo  state  vector  composed  of  pogo  position  and  velocity 
states 

wJt)  -  1-dimensional  zero-mean,  white  Gaussian  noise  with  statistics: 


E{wp(t))  =  0 

EiWp(t)wp(t+x)}  =  <2p  5(r-x);  Qp  =  1 
The  equivalent  discrete-time  model  for  Equation  (3-39)  is  of  the  form: 


(3-40) 


(3-41) 


(3-42) 


where 
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The  2-Uimensional,  discrete  time,  white  Gaussian  noise  process  Wpjt,)  has  mean  and  covariance 
statistics: 

Eiwjt,)  =  0 


‘/♦I 

EyrM«.v o  -  -  J<k,«,  „-xx!^,G,r'j>;«,.1-t)<iT 


(3-44) 


The  individual  components  of  are  not  included  here  due  to  their  length  and  complexity.  The 
interested  reader  is  referred  to  the  software  [30]  for  a  full  description. 


The  2-dimensional  pogo  state  vector  defines  the  position  of  the  plume  image  intensity 
centroid  relative  to  the  equilibrium  point  of  oscillation,  and  its  velocity  component  due  to  the  pogo 
phenomenon  along  the  longitudinal  axis  of  the  missile.  For  the  simulation,  it  is  assumed  that  the 
velocity  vector  lies  coincident  with  the  longitudinal  axis  of  the  hard  body.  As  shown  in  Figure  1 .6, 
the  plume  oscillates  about  an  equilibrium  point  also  located  on  the  longitudinal  axis.  This 
equilibrium  point  is  defined  by  the  initial  positions  of  the  two  intensity  functions  in  the  target 
coordinate  frame  (to  be  discussed  in  Section  3.3.1),  and  remains  at  a  constant  distance  from  tin. 
hardbody  center-of-mass  throughout  the  simulation  (the  spatial  relationship  of  the  intensity 
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functions  can  be  seen  in  Figure  3.3  in  Section  3.3.1).  The  crescent-shaped  plume  represents  one 
of  many  equal-intensity  contour  lines  of  the  actual  plume.  The  angle  of  attack  and  sideslip  angle 
of  the  missile  are  also  assumed  negligible,  and  have  zero  values  l'or  the  simulation  [40]. 

3.3  Measurement  Models 

A  major  factor  in  formulating  an  authentic  simulation  is  creating  realistic  measurements 
for  the  Kalman  filter  state  estimate  updates.  The  measurements  generated  in  a  simulation  are 
based  on  prior  knowledge  and/or  physical  insight  into  the  characteristics  of  the  sensor  devices. 
This  knowledge  not  only  includes  what  the  measurement  properties  themselves  should  be  for  the 
chosen  scenario  (i.e.  dependent  on  the  current  state  of  the  truth  and  filter  model),  but  also  any 
imperfections  that  would  exist  due  to  background  noises  in  the  environment  and  the  measurement 
devices  themselves.  Two  types  of  measurements  are  provided  to  the  linear  Kalman  filter  in  this 
simulation. 

The  first  type  are  the  "pseudo-measurements"  generated  by  the  enhanced  correlation 
algorithm  from  the  raw  FLIR  data  [41].  These  two  measurements  describe  the  position  of  the 
intensity  centroid  after  undergoing  changes  due  to  dynamics,  atmospheric  jitter,  bending/vibration 
and  pogo  oscillations.  In  the  truth  model,  the  image  intensity  function  is  corrupted  with  two  types 
of  measurement  noise  before  being  processed  by  the  enhanced  correlation  algorithm  -  spatially 
correlated  noise  from  the  target  background,  and  spatially  uncorrelated  noise  to  simulate  internal 
FLIR  sensor  noises. 

The  second  type  of  measurement  fed  to  the  filter  is  from  the  low  energy  laser  (LEL). 
This  measurement  is  obtained  by  scanning  the  LEL  relative  to  the  plume  centroid  and  recording 
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any  backscatte'  that  may  (or  may  not)  result  from  intercepting  the  hardbody.  Since  the  Kalman 
filter  may  utilize  the  magnitude  o?  speckle  return,  the  Doppler  frequency  spectra  attributes,  or 
both,  the  generated  LEL  measurement  must  emulate  all  those  properties.  For  this  research,  only 
the  Doppler  measurement  model  was  used.  The  objective  in  this  simulation  was  not  to  recreate 
the  physical  processes  of  the  laser  speckle  (or  Doppler)  return  itself,  but  to  imitate  and  provide 
the  expected  quality  of  measurements  based  on  those  processes,  the  chosen  scenario,  and  the 
various  scan  techniques  employed.  Noises  to  account  for  imperfections  and  device  limitations  are 
also  modeled  in  the  LEL  measurements. 

The  following  subsections  describe  how  the  measurements  were  generated  for  this 
simulation,  A  full  description  of  the  FLIR  model  is  included  as  well  as  how  LEL  reflections  from 
the  plume  and  hardbody  are  modeled.  In  addition,  a  brief  review  of  the  Doppler  eiiect  is  included 
to  assist  in  understanding  the  section  on  how  Doppler  measurements  are  modeled.  As  with  the 
truth  dynamics  model,  the  measurement  model  was  not  revised  from  the  last  thesis,  so  the 
following  descriptions  were  transcribed  from  Herrera’s  thesis  [14]  with  modifications  made  to 
ensure  the  information  is  germane  to  this  thesis. 

3.3.1  FLIR  Model.  The  FLIR  sensor  model  is  composed  of  an  8  x  8  pixel  array  "tracking 
window"  extracted  from  the  total  array  of  300  x  500  pixels.  The  missile  plume  is  projected  onto 
the  FLIR  focal  plane,  with  its  characteristic  crescent-shaped  intensity  function  formed  as  the 
difference  of  two  bivariate  Gaussian  intensity  functions,  as  shown  in  Figure  3.3.  This  model 
depends  upon  knowledge  of  several  parameters:  the  size  of  the  major  and  minor  axes  of  the 
elliptical  contours  of  each  bivariate  Gaussian  function,  and  the  orientation  of  the  principal  axes 
in  the  FLIR  image  plane  (the  major  axis  of  each  ellipse  points  along  the  velocity  vector  in  the 


FLIR  plane).  The  target  intensity  function  obtained  from  evaluating  the  resulting  intensity 
function  is  corrupted  by  spatially  correlated  and  temporally  uncorrelated  background  noise  and 
spatially  and  temporally  uncorrelated  internal  FLIR  noise,  according  to  models  of  actual  data  taken 
from  a  FLIR  sensor  looking  at  various  backgrounds  [38]. 

For  each  pixel  in  the  FLER  FOV  (the  8x8  array  "tracking  window"),  the  target’s  intensity 
function,  correlated  background  noise,  and  FLIR  internal  noise  are  added  together  to  produce  an 
intensity  measurement,  For  the  8  rows  and  8  columns  of  the  FOV,  the  intensity  measurement 
con  ponding  to  the  pixel  in  the  j*  r<-v  and  k'h  column  at  sampling  time  tt  is  given  by: 
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(3-45) 


=  ^ A Xptakftl^ypmkftl ) 

+  V//)  +  w 

where 

zyi(r,)  =  output  of  pixel  in  the  >'*  row  and  it'*  column 
y4p  =  area  of  one  pixel 
I,,  1 2  =  intensity  function  of  first  and  second  Gaussian  intensity  function 
respectively  of  Figure  3.3 
x,  y  -  coordinates  of  any  point  within  pixel  jk 
Xpeaki ,  yP«jki  =  coordinates  of  maximum  point  of  first  Gaussian  intensity  function 
xptaU,  yptaU  =  coordinates  of  maximum  point  of  second  Gaussian  intensity  function 
njk(t,)  =  effect  of  internal  FUR  sensor  noise  on  jk  '*  pixel 
bJk(tt)  -  effect  of  spatially  correlated  background  noise  on  jk ,h  pixel 

The  sensor  error,  nJkitt),  is  the  result  of  thermal  noise  and  dark  current  in  the  IR  detectors  (pixels). 
This  error  is  assumed  to  be  both  temporally  and  spatially  uncorrelated  [40]. 

The  background  noise,  bjk(tt),  was  observed  in  the  FLIR  data  by  AFWL  personnel  during 
a  tracking  operation  [13].  It  is  represented  as  a  spatially  correlated  noise  with  radial  symmetry, 
with  a  correlation  that  decays  exponentially.  Harnly  and  Jensen  [13]  concluded  that  spatial 
correlation  can  be  depicted  as  a  correlation  distance  of  approximately  two  pixels  in  the  FLIR 
plane,  and  simulated  this  by  maintaining  non-zero  correlation  coefficients  between  each  pixel  and 
its  two  closest  neighbors  symmetrically  in  all  directions.  In  that  two-pixel  distance,  the  correlation 
decays  exponentially  to  one-tenth  of  its  peak  value. 


3-23 


The  generation  of  spatially  correlated  white  Gaussian  noises  is  accomplished  by  allowing 
non-zero  cross  correlations  between  the  measurement  noises,  blk(t,),  associated  with  each  of  the 
64  pixels  from  the  8  x  8  pixel  FLIR  FOV.  The  correlated  measurement  noise  in  Equation  (3-45) 
is  given  as: 


b(t()  =  64-dimensional  vector  of  spatially  correlated  noise  with  statistics: 


£{*(/,)}  =  0 
£{*(/,)*  r(r,)}  =  Rbl} 


(3-46) 


where  R  is  a  64  x  64  measurement  noise  covariance  matrix.  This  matrix  describes  the  spatial 
correlation  between  pixels,  and  is  given  by  [13]: 


R  =  ai 
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(3-47) 


where  oR2  is  the  variance  of  each  scalar  noise  and  the  correlation  coefficients  are  evaluated  to 
reflect  the  radially  symmetric,  exponentially  decaying  pattern.  The  spatially  correlated  background 
noise  b(t)  is  simulated  as: 


b(tt)  =  yRbXt,)  (3’48) 

where 


V  =  Cholesky  square  root 

b'( t()  =  64-dimensional  vector  of  readily  simulated  discrete,  independent  white 
Gaussian  noise  with  statistics: 


£{*'(/,)}  =  0 

Eib'UJb'^)  =  Ibu 


(3-49) 
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3.3.2  Low-Energy  Laser  Speckle  Reflection  Model.  The  low-energy  speckle  reflection 
model  evolved  through  the  work  accomplished  by  Eden  and  Evans  [8,9].  The  model  makes  no 
attempt  to  simulate  the  detailed  physical  phenomena  associated  with  the  speckle  return  of  the 
reflected  laser  from  the  plume  or  hardbody.  Rather,  the  model  simulates  the  reflectivity 
information  from  the  hardbody  speckle  return  which  would  be  derived  by  speckle  detection 
circuitry. 

The  low-energy  laser  speckle  reflection  model  simulates  a  linear  measurement  to  the 
Kalman  filter  for  estimating  the  offset  distance  from  the  plume  intensity  centroid  to  the  hardbody 
center- of-mass  along  the  vehicle’s  FLIR  image  plane  velocity  vector.  The  first  attempt  to  model 
the  laser  speckle  return  consisted  of  the  hardbody  represented  as  a  rectangle  with  a  binary -valued 
reflectivity  function,  which  provided  a  binary  indication  of  the  hardbody  whenever  successful 
interception  by  the  laser  beam  occurred  [8].  With  this  model,  speckle  reflection  information  was 
equally  obtained  over  the  entire  vehicle.  This  was  followed  by  an  enhanced,  3-dimensional, 
reflectivity  model  which  accounted  for  the  realistic  distribution  of  the  laser  speckle  return 
according  to  the  curvature  and  aspect  angle  of  the  hardbody  [9].  The  3-dimensional  model  is 
employed  for  this  research  since  the  Doppler  return  is  also  a  function  of  reflectivity  [14,43,44,50]. 
The  following  subsections  discuss  the  development  of  Evans’  3-dimensional  hardbody  reflectivity 
model  and  introduce  the  plume  reflectance  model. 

3.3  2.1  The  Hardbody  Reflectivity  Model.  The  3-dimensional  reflectivity  model  was 
developed  by  Evans  [9]  based  upon  his  analysis  of  empirical,  data  obtained  from  the  6585th  Test 
Group,  Holloman  AFB,  New  Mexico  [10].  The  data  illustrates  the  return  power  (expressed  in 
decibels-square  meters)  as  a  function  of  radar  cross  section  (RCS)  from  a  20  x  249  inch  cylinder 
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with  hemispherical  endcaps  as  it  was  rotated  longitudinally  in  the  plane  of  the  radar  source.  (RCS 
is  defined  as  the  projected  area  of  a  metal  sphere  which  would  return  the  same  echo  signal  as  the 
target,  had  the  sphere  been  substituted  for  the  target  [43].)  The  data  showed  peak  values  at  90° 
and  270°,  where  the  cylinder  was  orthogonal  to  the  line  of  sight,  and  sharp  dropoffs  in  reflection 
as  the  angle  deviated  from  the  orthogonal  condition.  The  reflectivity  model,  shown  relative  to  the 
FLIR  image  plane  in  Figure  3.4,  modifies  the  previous  rectangular  model  to  include  29  discrete- 
weighted  line  segments  along  the  length  of  the  model.  Two  functions  define  the  hardbody 
reflectivity  model:  the  cross-sectional  function  and  the  longitudinal  function. 

Each  discrete-weighted  line  represents  a  cross-sectional  reflectivity  function  which 
duplicates  the  empirical  data  from  Holloman.  The  reflectivity  function  models  the  curvature  by 
defining  the  strength  of  the  reflected  signal  at  each  discrete  line,  where  the  amplitude  of  the 
reflected  signal  is  highest  along  the  missile  centerline  and  discretely  tapers  towards  the  hardbody 
sides  in  0. 1  meter  increments.  The  discrete  implementation  of  the  cross-sectional  reflectivity 
function  for  the  simulation  is  shown  in  Figure  3.5.  Note  the  peak  reflection  of  the  cross-sectional 
reflectivity  function’s  center  is  represented  by  an  arbitrary  value  of  50  units  of  reflection 
magnitude  [9].  The  remaining  line  segments  are  scaled  accordingly  to  match  the  empirical  data. 
The  reflectivity  function  also  yields  zero  reflection  for  those  portions  of  the  original  rectangle  far 
from  the  missile  centerline,  so  the  effective  reflective  area  of  the  hardbody  is  less  than  that  of  the 
binary  model. 

The  angle  y,  defined  as  the  angle  between  the  inertial  velocity  vector  and  the  FLIR  plane, 
is  utilized  by  the  longitudinal  reflectivity  function  to  provide  a  scaling  factor  of  the  total  reflection 
function  if  the  missile  centerline  is  oriented  other  than  normal  to  the  FLIR  plane.  Similar  to  the 
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Reflectivity  Model  with 
29  Discrete-Weighted 


T 


Figure  3.4  3-d  Hardbody  Reflectivity  Model  Relative  to  FLIR  Image  Plane 

cross-sectional  reflectivity  function,  the  longitudinal  function  assigns  a  scaling  factor  to  the 
reflected  signal  based  upon  the  angular  aspect  of  the  target  velocity. 

Another  factor  in  determining  the  received  speckle  reflection  is  the  sensitivity  level  of  the 
low-energy  laser  sensor.  This  sensitivity  is  represented  in  the  simulation  as  a  threshold  limit 
below  which  the  low-energy  laser  sensor  cannot  detect  the  reflection  return.  To  illustrate  tiie 
function  of  the  sensor  sensitiv  ity  factor,  consider  the  hardbody  at  an  aspect  angle  y  relative  to  the 
FLER  image  plane.  In  this  orientation,  the  maximum  amount  of  reflection  is  obtained  in  the 
simulation  by  multiplying  the  peak  reflection  value  (50  units  of  magnitude)  by  an  appropriate 
scaling  factor  [9].  The  sensitivity  threshold  function  p(-)  is  defined  as  a  function  of  a  threshold 
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Figure  3.5  Discrete  Implementation  of  Cross-Sectional  Reflectivity  Function  [9] 


reflection  magnitude  m, .  If  a  reflection  ( • )  is  less  than  m, ,  the  reflective  output  is  clipped  to  zero 
(see  defining  equation  for  ji(-)  in  the  next  paragraph).  Therefore,  p(-)  represents  the  sensor’s 
ability  to  discern  a  target’s  return  signal  [9]. 


The  total  reflectivity  function  is  given  by  [9]: 


ii 


*r  =  EuIVW 

(•i 


(3-50) 


where 

Rt  =  total  reflectivity  received  by  the  low  energy  sensor 
n  -  number  of  line  segments  crossed  by  laser  scan 
y(-)  =  sensitivity  threshold  function  of  low-energy  sensor: 
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mr  if  mr  2  threshold 
0  if  mr  <  threshold 

A,  =  cross-sectional  reflectivity  function  reflection  amplitude  of  the  /'*  discrete 
line  segment 

F( y)  «  longitudinal  reflectivity  function,  where  y  is  the  angle  between  target  v  and 
the  a-p  plane 

As  the  hardbody  traverses  along  its  trajectory  in  3-dimensional  inertial  space,  the 
projection  of  its  motion  onto  the  2-dimensional  FLIR  image  piane  generates  the  corresponding 
propagation  of  the  first  two  states  in  the  truth  model.  Similarly,  to  simulate  the  center-of-mass 
measurements  in  terms  of  FUR  plans  variables,  the  hardbody  model  is  also  projected  onto  the  2- 
dimensional  FUR  plane.  Referring  to  Figure  3.6,  the  geometry  for  projection  is  described  by: 

MLfur  =  MLAemlcosY  (3-51) 

where 

MLfUR  -  FUR  plane  projection  of  missile  length 
MLMual  -  true  missile  length  in  pixels 

y  *  angle  between  v,  (velocity  vector  of  the  target)  and  the  FUR  plane 

Similarly,  since  the  hardbody  longitudinal  axis  is  assumed  to  be  aligned  with  the  velocity  vector 
(along  which  the  offset  is  aligned),  the  offset  between  the  hardbody  and  the  plume  is  scaled  by 
the  same  factor  when  projected  onto  the  FUR  plane.  Since  the  missile  is  cylindrical,  the 
projection  of  the  missile  diameter  onto  the  FUR  plane  is  equal  to  its  diameter.  Once  the 
projection  is  accomplished,  the  hardbody  is  located  on  the  FUR  plane  by  offsetting  the 
hardbody ’s  center  (midway  between  the  projected  endpoints)  from  the  truth  model  intensity 
centroid  along  the  truth  model  velocity  vector  by  [( Offset  distance^, J)cosi\. 


3-29 


Figure  3.6  Projection  Geometry  onto  FLIR  Image  Plane 


The  subtended  arc  of  the  low-power  laser  beam  is  simulated  as  a  rectangle  with  the 
smaller  side  represented  as  the  finite  width  of  a  dithered  laser  beam  after  it  has  traveled  2000 
kilometers.  Shown  in  Figure  3.7  are  the  ideal  conditions  for  the  laser  scan.  (Generally,  the  filter 
estimates  of  the  intensity  centroid  position,  the  orientation  angle,  and  the  v  elocity  vector  are  not 
equal  to  the  truth  model  values.)  One  end  of  the  long  centerline  of  laser  scan  rectangle  is  located 
at  the  estimated  intensity  centroid,  positioned  at  the  center  of  the  FLIR  FOV.  The  other  end  of 
the  laser  scan  rectangle  is  taken  as  three  times  the  truth  model  offset  distance  between  the 
intensity  centroid  and  the  hardbody  centcr-of-mass  (3  x  87.5  =  262.5  meters  or  8.75  pixels)  to 
ensure  the.  laser  scan  is  iong  enough  to  intercept  the  hardbody,  despite  the  effects  of  "pogo".  The 
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seco.  ndpoint  of  the  laser  rectangle  along  its  centerline  is  given  as: 

x=x+  Lcos  0, 

pc  I 

y  =  y  -  Lsin0. 

where 


(3-52) 


xp,  yp  =  the  FLIR  plane  coordinates  of  the  second  end  of  the  centerline  of  the  laser 
rectangle 

xc,  yc  =  the  FLIR  plane  intensity  centroid  coordinates 
L  =  length  of  the  laser  rectangle 

=  six-state  (FLIR)  filter  estimate  of  velocity  orientation  angle 


3-31 


Figure  3.8  Sweep  Technique  of  L  can 


As  mentioned  earlier,  the  FLIR  filter’s  imprecise  centering  of  the  inten  centroid  caused 
inadequate  hardbody  illumination  rates  by  the  laser  scan  in  the  original  research  by  Eden  [8]. 
(The  estimated  velocity  vector,  and  thus  the  estimated  orientation  angle,  0/(  were  estimated 
precisely,  however.)  As  a  result,  an  ad  hoc  sweep  routine  was  developed,  shown  in  Figure  3.8, 
that  rfsets  the  initial  laser  scan  clockwise  from  the  estimated  velocity  vector.  The  laser  scans  are 
swept  counterclockwise  in  order  to  assure  illumination  of  the  entire  body.  Evans  found  that, 
without  pogo,  a  30°  offset  was  required,  and  35°  with  pogo  applied  [9]. 

33.22  Plume  Reflectance  Model.  Prior  to  Herrera’s  research,  the  concept  of  illuminating 
the  missile  hardbody  with  a  low-energy  laser  and  analyzing  the  speckle  return  (also  called 
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backscatter  radiation)  was  predicated  upon  ■;  assumption  that  the  missile  plume  would  riot 
possess  any  backscatter  properties  or  possess  a  speckle  return  similar  to  the  hardbody's,  when 
illuminated  by  a  low-energy  laser  [14].  The  laser  scan  travels  along  the  intensity  centroid’s 
velocity  vector  until  a  speckle  return  is  receive*  gnifying  the  start  of  the  metallic  hardbody. 
The  scan  continues  along  the  hardbody  until  no  backscatter  exists,  signaling  the  end  of  the 
hardbody,  and  thus  information  is  provided  to  calculate  the  center-of-mass.  However, 
experimental  data  confiri  ed  the  presence  of  plume  reflectance  from  solid-propellant  rocket  motors 
[2,34]  which  significantly  alters  the  previous  conception. 

Experimental  programs  at  the  Arnold  Engineering  and  Development  Center  (AEDC),  in 
Tennessee,  have  observed  and  measured  laser  backscatter  radiation  from  the  exhaust  plume  of  a 
solid-propellant  rocket  motor  [34].  The  measurements  of  the  plume’s  backscatter  radiation  were 
found  to  be  on  the  same  order  of  magnitude  and  comparable  to  that  of  a  hardbody  [2],  due  to 
aluminum  particles  and  otner  substances  in  the  plume.  During  the  STARLAB  flight  experiment, 
which  collected  plume  data  under  actual  flight  conditions,  a  rocket  booster  and  its  exhaust  plume 
were  "painted"  by  a  low  energy  laser.  Video  recordings  of  the  flight  experiment  showed  the 
randomized  appearance  and  low-frequency  oscillation  of  the  plume’s  reflectance  [2,3].  The 
existence  of  plume  reflectance  creates  an  ambiguity  that  impedes  the  precision  tracking  necessary 
to  define  the  plume/hardbody  interface.  The  plume  reflectance  causes  a  bias  in  the  estimated 
hardbody  location,  biased  longitudinally  toward  the  plume. 

Since  for  this  thesis,  the  Doppler  measurement  model  was  utilized  instead  of  speckle,  the 
offset  measurements  from  the  LEL  were  assumed  to  be  unbiased  (see  the  next  section).  However, 
this  section  has  been  included  in  the  thesis  description  for  continuity  and,  since  the  bias  effect  is 
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still  implemented  in  the  software  if  the  speckle  return  model  is  used,  it  is  retained  as  reference  for 
future  researchers. 


The  purpose  of  the  plume  reflectance  model  ;s  to  simulate  the  presence  of  plume 
backscatter  radiation  and  its  effect  upon  the  offset  measurement.  Figure  3.9  depicts  the  reflectance 
from  both  the  plume  and  hardbody,  as  observed  in  the  STARLAB  flight  experiment.  From  the 
viewpoint  of  the  speckle  return  sensor,  the  plume  reflectance  has  the  effect  of  elongating  the 
apparent  missile  hardbody  in  the  direction  of  the  plume.  The  plume  reflectance  model  simulates 
the  hardbody  elongation  by  applying  a  bias  to  the  offset  measurement  in  the  direction  of  the 
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Figure  3.9  Biased  Offset  Measurement  Caused  by  Plume  Reflectance 
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elongation,  defined  as  in  the  opposite  direction  of  the  estimated  velocity  vector.  In  the  simulation, 
the  model  first  receives  the  offset  measurement  as  determined  by  the  low-energy  speckle  reflection 


model.  The  biased  measurement,  is  formed  by  converting  the  bias  into  pixels,  projecting 
it  onto  the  FLIR  plane,  and  subtracting  it  from  the  original  offset  measurement.  The  biased  offset 
measurement  is  then  provided  to  the  filter  for  its  update.  The  plume  reflectance  model  is  given 


by: 


^qffietbla*  "^oj fftei 


V 


cosy 


(3-53) 


where 


^ojfielbuu 


b 


biased  offset  measurement  due  to  plume  speckle  reflectance 

offset  measurement  from  the  low-energy  reflectivity  model,  without  plume 
speckle  reflectance  effect 

bias  value 


R  =  range 

kp  =  pixel  proportionality  constant  (15  prads/pixeP 

Y  =  angle  between  3-dimensional  inertial  space  velocity  vector  and  the  FLIR 
image  plane 


The  randomized  nature  of  the  plume’s  reflectance  is  modeled  as  a  percentage  of  time  that 
appearance  of  the  b<as  occurs.  A  random  number  generator,  of  uniform  density  output,  provides 
the  logic  to  turn  the  bias  "on  and  off'  according  to  the  percentage  selected.  In  correspondence 
with  Phillips  Laboratory  personnel,  a  bias  of  approximately  25-30  meters  with  an  appearance 
percentage  of  90  -  95%  was  observed  during  the  STARLAB  flight  experiment  [3]. 


3.3.3  The  Doppler  Measurement  Model.  The  Doppler  measurement  model  simulates  the 
offset  measurements  that  are  obtained  by  exploiting  the  differences  between  hardbody  and  plume- 
induced  Doppler  returns.  As  with  the  laser  speckle  return  research  of  Eden  and  Evans,  the 
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modeling  of  the  actual  physical  properties  of  the  Doppler  phenomenon  will  not  be  attempted. 
Instead,  modeling  efforts  will  entail  simulating  the  information  that  would  be  available  from 
Doppler  detection  circuits  as  measurement  data  for  the  Kalman  filter.  The  following  subsections 
briefly  introduce  and  describe  the  basic  concepts  of  the  Doppler  phenomenon,  as  applicable  to  the 
properties  of  the  hard  body  and  plume-ii  duced  Doppler  returns.  The  treatment  of  the  Doppler 
phenomenon  is  not  intended  to  be  rigorous  and  reflects  the  level  of  understanding  necessary  to 
appreciate  the  manner  with  which  the  Doppler  returns  are  employed  to  generate  an  offset 
measurement  relative  to  the  intensity  centroid.  For  a  rigorous  development  of  the  Doppler 
phenomenon,  the  interested  reader  is  referred  to  Principles  and  Practice  of  Laser-Doppler 
Anemometry  by  Durst,  F.,  A.  Meiling,  and  J.  H.  Whitelaw  [7],  and  The  Doppler  Effect  by  Gill, 
T.  P.  [12]. 

3.3. 3.1  The  Doppler  Effect.  Many  define  the  Doppier  effect  as  a  shift  in  the  frequency 
of  a  wave  radiated,  reflected,  or  received  by  an  object  in  moti  m  [43,44],  From  a  radar.  Doppler 
shifts  are  produ‘Xd  by  the  relative  motion  between  the  radar  and  the  target.  The  radar  may  be  a 
pulsed,  coherent  laser  beam  that  propagates  the  electromagneti:;  energy  to  "paint"  the  target  of 
interest.  If  the  target  is  in  motion  and  illuminated  by  a  low-energy  laser,  the  returned  signal  (or 
backscatter)  is  represented  as  a  time-delayed,  Doppler-shifted  version  of  the  transmitted  signal, 
wherein  the  amount  Doppler  shift  is  proportional  to  the  reflecting  target’s  range  rate  relative  to 
the  laser  transmitter  [43,44].  A  continuous  transmitted  signal  is  given  as: 

E,  =  Eacos(2nfj)  (3-54) 

For  this  transmitted  signai,  the  echo  signal  from  a  moving  target  will  be  [43]: 

£  =  *£cos[2n(/o  ±  fd)t^]  (3-55) 

where 
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E0  =  amplitude  of  transmitted  signal 

£,  =  reflected  signal 

k  =  an  attenuation  constant  that  represents  losses  incurred  during  propagation 
fd  =  Doppler  frequency  shift 

f0  =  transmitted  frequency 

<j>  =  a  phase  shift,  dependent  upon  the  range  of  detection 


Figure  3.10  shows  the  frequency  spectrum  of  the  echo  signal,  shifted  from  the  transmitted 
frequency,/,,  by  the  Doppler  shift,/  given  by  [43]: 


(3-56) 


where 


vr  =  relative  velocity  of  target  with  respect  to  transmitter 
X  =  transmitted  wavelength 
c  =  velocity  of  propagation  (3  x  10®  m/s) 


The  relative  velocity,  v„  is  expressed  as: 

vr  =  v  siny  (3-57) 

where 

v  =  target  velocity  in  3 -dimensional  inertial  space 
y  -  angle  between  the  target  trajectory  and  plane  perpendicular 
to  the  laser  LOS  (i.e.,  FLIR  plane);  see  Figure  3.6 


The  plus  sign  associated  with  the  Doppler  frequency  shift  applies  if  the  distance  between  target 
and  transmitter  is  decreasing  (approaching  target),  and  conversely,  the  minus  sign  applies  if  the 
distance  is  increasing  (receding  target). 
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Figure  3.10  Spectra  of  Received  Signals  [43] 


As  shown  in  Figure  3. 10,  the  frequency  spectrum  of  a  continuous  reflected  sinusoidal 
signal  appears  as  a  straight  vertical  line.  The  scenario  proposed  by  the  Phillips  Laboratory  calls 
for  a  pulsed  and  coherent  laser  beam  to  illuminate  a  ballistic  boosting  target  [3].  Both  these  laser 
properties  have  an  impact  upon  the  nature  of  the  returned  spectrum. 


For  illustration  purposes,  Figure  3.11  shows  a  train  of  independent  pulses  having  a  pulse 
width  (PW)  of  0.001  seconds  and  a  constant  pulse  repetition  frequency  (PRF),  along  with  its 
associated  frequency  spectrum.  Because  the  pulses  are  "on"  a  fraction  of  the  time,  the  amplitude 
of  the  frequency  spectrum  decreases  but  is  still  centered  at  fa.  The  total  power  is  in  fact 
distributed  over  a  band  of  frequencies  extending  from  1000  Hz  below  f„  to  1000  Hz  above  it,  for 
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a  nuU-to-nnll  bandwidth  of  2  KHz.  The  bandwidth  (i.e.  spectrun.  spread),  is  inversely 
proportional  to  the  pulse  width  and  is  given  by  [44]: 

BWm  -  1  (3-58) 

X 

where 

BWm  -  null-to-null  bandwidth 
x  =  pulse  width  (sec) 

By  coherence  is  meant  a  consistency,  or  continuity,  in  the  phase  of  a  signal  from  one 
pulse  to  tiie  next  [44].  The  term  4>  in  Equation  (3-55)  represents  the  phase  shift  which  is  a 
function  of  the  range  during  detection.  Figure  3.12  illustrates  the  difference  between  the 
frequency  spectrum  of  a  coherent  signal  and  a  nou-coherent  signal.  With  non-coherent 
transmission,  the  signal’s  central  spectral  lobe  is  spread  over  a  band  of  frequencies.  In  contrast, 
the  spectrum  associated  with  coherent  transmission  shows  the  signal  appearing  at  many  points. 
Its  spectrum,  in  fact,  consists  of  a  series  of  evenly  spaced  lines,  wherein  the  interval  between  the 
spectral  lines  equals  (1/PRF)  [44].  Further  comparison  reveals  that  the  coherent  frequency 
spectrum  is  stronger  (having  a  higher  amplitude)  than  the  non-coherent  signal  because  the  energy 
has  been  concentrated  into  a  few  narrow  lines,  h.  addition,  the  envelope  within  which  these  lines 
fit  has  the  same  shape  ([sinx]/x])  and  the  same  null-to-null  BW  (2/x)  as  the  spectrum  of  the  non¬ 
coherent  signal. 

3.33.2  Hardbody  Doppler  Return.  At  a  range  of  2000  kilometers,  the  missile  hardbody 
can  be  defined  as  a  smooth,  dense  single  point  target.  Any  rotational  motion  of  the  hardbody 
about  its  longitudinal  axis  is  assumed  much  less  than  the  hardbody’s  velocity,  and  is  considered 
negligible.  It  is  further  assumed  that  the  target  hardbody’s  velocity  remains  constant  over  the 
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Figure  3.11  Pulsed  Signal  Frequency  Spectrum  [44] 


duration  of  a  transmitted  pulse.  With  such  a  target,  the  spectrum  of  the  return  will  have  a 
bandwidth  that  closely  approximates  (2/x),  and  centered  about  the  Doppler-shifted  frequency 
corresponding  to  the  range  rate. 

33.33  Plume  Doppler  Return.  The  case  of  the  exhaust  plume  can  be  represented  as  the 
situation  in  which  numerous  point  targets  are  imaged.  The  plume  can  be  described  as  a  randomly 
distributed  array  of  point  targets  which  are  dispersed  in  range  and  velocity.  The  plume 
particulates  are  small  (submicron  in  size),  nonspherical  and  nonhomogeneous,  and  their  size  and 
spatial  distribution  vary  strongly  with  the  radial  distance  from  the  plume  axis  [14,51].  Typically, 
larger  particles  are  concentrated  near  the  plume’s  symmetry  axis,  and  in  contrast  to  the  hard  body, 


Figure  3.12  Spectra  of  Coherent  and  Non-Coherent  Pulsed  Signals  [44] 

the  numerous  exhaust  plume  particles  exhibit  numerous  velocity  orientations  over  the  duration  of 
a  laser  pulse. 


When  the  laser  beam  illuminates  an  infinite  number  of  point  targets,  the  superposition  of 
each  particle’s  backscatter  radiation  within  the  laser  beamwidth  will  form  the  resultant  return 
[50,5 1].  Thus,  the  Doppler  frequency  spectrum  will  be  quite  broad,  due  to  the  numerous  Doppler 
shifts  of  the  numerous  plume  particulate  velocities  [3,14].  This  Doppler  spreading  of  spectral 
lines  arises  from  the  fact  that  backscatter  from  a  particulate  will  be  shifted  in  frequency  in  a 
manner  depending  on  the  approach  or  recession  of  the  particulate.  The  plume  experimental 
programs  at  AEDC  have  observed  and  measured  plume  Doppler  reflectance  frequency  spectrums 
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Figure  3.13  Spectra  of  Plume  and  Hardoody-Induced  Doppler  Returns 


with  null-to-null  BWs  of  2  -  5  GHz  [32].  This  sharply  contrasts  the  hard  body-induced  return 
whose  spectrum  null-to-null  BW  equals  2/x,  with  an  order  of  magnitude  in  MHz.  However,  one 
other  significant  difference  exists  between  the  iiardbody  and  plume-induced  Doppler  returns. 

Generally,  the  velocity  of  the  plume  will  be  oriented  180  degrees  from  the  hardbody’t' 
velocity  [3,14].  This  is  shown  in  Figure  3.13(a),  where  the  respective  Doppler  frequency  shifts 
will  always  be  opposite  in  sig.  x.  A  majurity  of  the  observed  plume  particles  would  hav  e  a  relative 
radial  velocity  towards  the  tracker  and  the  resultant  return  would  have  a  negative  Doppler 
frequency  shift.  Conversely,  the  hardbody  as  shown  is  receding  from  the  tracker  and  will  thus 
exhibit  a  positive  Doppler  frequency  shift.  Hence,  by  exploiting  the  two  differences  in  plume  and 
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hard  body-induced  Doppler  returns,  precise  tracking  and  definition  of  the  plumc/hardbody  interface 
can  be  realized. 

However,  the  angle  y,  of  which  the  relative  velocity  v,  is  a  function,  has  an  impact  upon 
the  discemability  between  the  plume  and  the  hardbody-induced  Doppler  shifts.  Referring  to 
Equation  (3-57),  as  y  approaches  0°,  where  the  plume  and  hardbody  velocity  vectors  become 
orthogonal  to  the  LOS  vector,  the  radial  velocity  relative  to  the  tracker  approaches  nil  and  no 
Doppler  shift  is  produced.  Figure  3.13(b)  shows  that,  under  these  circumstances,  the  return 
spectra  of  the  plume  and  hardbody  converge  towards  the  transmitted  frequency  and  eventually 
overlap,  obscuring  most  of  the  hardbody-induced  Doppler  return.  This  imperfect  ability  to  detect 
the  hardbody  spectrum,  as  distinct  from  the  plume  spectrum,  will  be  addressed  in  the  next  section 
which  develops  the  Doppler  measurement  model. 

The  measurement  modeling  approach  taken  by  this  thesis  is  tc  consider  the  Doppler  return 
of  the  hardbody  significantly  distinctive  from  that  of  the  plume.  The  Doppler  detector  must  be 
designed  to  filter  out  the  broader  plume  return  and  only  pass  the  hardbody  return,  a  function 
achievable  with  a  Doppler  matched  filter  design  [14,43].  This  vital  concept  signifies  that  the 
Doppler  truth  measurement  model  can  neglect  the  plume’s  Doppler  return  and  solely  simulate  the 
hardbody-induced  Doppler  return.  Although  there  may  be  instances  of  no  apparent  distinction 
between  the  plume  and  hardbody  spectra,  these  occurrences  will  be  embodied  in  a  probability-of 
miss  parameter  (PJ,  to  be  discussed  later. 

Since  Doppler  information  is  obtainable  from  backscatter  radiation,  which  includes  the 
speckle  return  [43,44],  the  3-d  hardbody  reflectivity  model  is  utilized  in  this  modeling  approach. 
However,  in  contrast  to  the  laser  speckle  returu  measurement  model,  the  biasing  effect  caused  by 
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the  plume's  reflectance  is  no  longer  applicable  and  is  not  incorporated  into  the  Doppler 
measurement  model.  As  a  result,  the  center-of-mass  measurement  and  offset  measurement 
generated  by  the  Doppler  measurement  model  will  simulate  the  true  offset  measurement,  xoffiet,  for 
the  filter. 

3.33.4  Doppler  Measurement  Noises.  According  to  Herrera,  in  a  study  sponsored  by 
the  Phillips  Laboratory,  Dr.  Paul  McManamon  investigated  feasible  and  implementable 
wavelengths  to  illuminate  the  plume  and  hardbody,  while  meeting  the  space  tracking  scenario 
requirements  [14].  His  choice  of  wavelength,  based  upon  ranges,  power  requirements,  hardbody 
temperatures,  and  tracking  accuracies,  range  from  '>.53  to  15  pm.  For  this  study,  the  shortest 
wavelength  0.53  pm  was  selected  for  use  in  sensitivity  analysis.  The  tracking  inaccuracies 
associated  with  this  wavelength  is  adopted  in  the  Doppler  measurement  model  to  corrupt  the  offset 
measurements  realistically. 

The  tracking  accuracy  for  a  laser  beam  is  a  function  of  the  amount  of  power,  or 
amplitude,  of  the  return  signal.  The  return  signal,  in  turn,  is  dependent  upon  several  variables, 
among  which  are  the  target’s  radar  cross  section  (RCS)  and  the  location  of  the  target  in  the  laser 
beam  [14,43,44].  A  target  ideally  located  in  the  center  of  the  laser  beam  reflects  the  maximum 
return  signal  (i.e.,  optimum  signal-to-noise  ratio,  SNR).  If  the  target  falls  off  to  the  side  of  the 
beam’s  center,  then  less  energy  hits  the  target.  The  degree  of  tracking  accuracy  then  becomes  a 
question  of,  how  far  off  to  the  side  can  a  target  be  to  reflect  the  signal  at  an  acceptable  level? 
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Dr.  McManamon  addressed  this  issue  [14]  by  first  defining  the  acceptable  beam  diffraction 
limit  as  the  angle  within  the  3  db  power  points  of  the  laser  beam.  He  defines  the  diffraction  limit 
as: 

6„»  *  108^  (3-59) 

where 

Q3db  =  half  angle  defined  from  beam  center  to  half-power  points,  in  radians 
A  =  wavelength,  in  meters 
d  -  radar  aperture,  in  meters 


One  then  determines  the  acceptable  level  of  signal  loss  within  the  d3db  limits.  In  Dr. 
McManamon’s  assessment,  a  10%  loss  can  be  tolerated,  and  he  determined  that  this  loss  is 
reflected  by  decreasing  the  diffraction  limit  by  a  factor  of  2.667  [14].  Equation  (3-59)  yields: 


where 


0B  =  allowed  diffraction  limit  for  10%  signal  loss 


The  measurement  noise  for  the  Doppler  measurement  model  thus  consists  of  the  tracking 
angle  errors,  in  pixels,  as  a  function  of  the  diffraction  limited  beam  and  acceptable  signal-to-noise 
ratio  (SNR).  Inasmuch  as  SNR  is  a  design  parameter,  Herrera’s  study  [14]  included  the  following 
values  of  SNR  for  the  sensitivity  analysis:  10,  8,  6,  and  4.  The  relationship  is  given  as  [14]: 

0r  =  - L  (3-61) 

3/SNR  K 

where 

dT  =  rms  tracking  angle  errors  in  pixels 
0fl  =  beam  diffraction  limit 
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SNR  =  signal-to-noise  ratio 

kp  s  pixel  proportionality  constant,  IS  prads/pixel 

In  addition  to  providing  the  offset  measurement,  the  Doppler  measurement  model  also 
simulates  a  return  signal  probability-of-miss,  Pm.  The  probability-of-miss  encompasses  two  cases. 
First,  the  probability-of-miss  takes  into  account  the  situation  in  which  the  hardbody  is  illuminated 
by  the  low-energy  laser,  but  the  return  is  not  detected  due  to  attenuation  of  the  returning  signal 
as  it  propagates  the  2000  kilometer  range,  beam -bending  as  a  result  of  atmospheric  distortions  (the 
intended  location  of  the  laser  scan  should  have  Illuminated  the  target,  but  bending  of  the  beam 
resulted  in  no  intersection  with  the  target);  or  due  to  signal  losses  (i.e.,  high  sensor  sensitivity 
threshold;  refer  to  Section  3.3.2. 1)  within  the  receiving  equipment.  In  this  case,  a  loss  of  speckle 
information  would  also  result.  Secondly,  in  Equation  (3-51),  it  was  shown  that  the  relative 
velocity  is  a  function  of  y,  such  that  no  Doppler  shift  occurs  if  the  target’s  velocity  is  normal  to 
the  transmitter’s  LOS.  Hence,  as  shown  in  Figure  3.13,  as  y  approaches  0°,  both  the  broadened 
plume-induced  Doppler  spectrum  and  hardbody-induced  spectrum  will  converge  and  overlap.  The 
two  spectra  will  become  more  indistinguishable,  perhaps  rendering  detection  of  the  hardbody’s 
Doppler  return  impossible. 

The  simulation  of  the  probability-of-miss  is  similar  to  the  technique  employed  by  the 
plume  reflectance  model.  A  random  number  generator,  with  a  uniformly  distributed  output,  also 
provides  the  logic  to  turn  the  hardbody  laser  backscatter  "on  and  off."  Figure  3.14  shows  the 
detection  characteristic  for  a  known  signal.  The  graph  present  a  set  of  parametric  curves  that  give 
the  probability -of-detection,  Pd,  as  functions  of  peak  signal-to-noise  ratio  (SNR)  for  various  values 
of  probability-of-false  alarm,  Pfa.  Pfa  is  defined  as  falsely  indicating  the  presence  of  a  return  signal 
when  none  exists  [43].  Both  Pd  and  Pfa  are  specified  by  the  system  requirements;  the  radar 
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designer  computes  the  probability-of-false  alarm  and,  from  Figure  3.14,  determines  the  minimum 
detectable  signal.  A  range  of  70  -  99  percent  probability-of-detection  is  representative  of  current 
Doppler  detection  equipment  capabilities  with  the  tracking  scenario  [14]. 

3.4  Truth  Model  Parameters 

The  discussions  in  the  previous  sections  introduced  some  of  the  truth  model  parameters 
used  in  the  simulation.  The  purpose  of  this  section  is  to  provide  a  consolidated  listing  of  the 
parameters  and  initial  conditions  of  the  truth  model. 

3.4.1  Target  Trajectory  Initial  Conditions.  The  initial  conditions  of  the  target  inertial 

position,  velocity,  and  velocity  vector  orientation  angle,  0,  are  as  follows: 

e,  -  27,000  meters 
ey  =  100,000  meters 

et  =  2,000,000  meters 
v,  =  -2500  meters/sec 
v,  =  4330  meters/sec 
vt  =  0  meters/sec 
0  =  60° 

3.4.2  Target  Model,  Dimensions,  and  Orientation.  The  target  plume  consists  of  a 
crescent-shaped  intensity  function  formed  from  the  difference  of  two  bivariate  Gaussian  intensity 
functions.  Each  Gaussian  function  is  modeled  with  elliptical  constant-intensity  loci  with  an  aspect 
ratio  of  1.5,  and  a  semi-minor  axis  of  one.  For  this  thesis,  Evans’  3-dimensional  reflectivity 
model  is  used  to  model  the  hardbody.  The  hardbody  length  is  40  meters  (1.33  pixels)  and  3 
meters  (0.1  pixels)  wide.  The  offs<  distance  of  the  hardbody  center-of-mass  from  the  intensity 
centroid  is  87.5  meters  (2.92  pixels),  a  carryover  from  the  previous  thesis.  For  the  simulation,  te 
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intensity  centroid  and  the  hardbody  longitudinal  axis  are  aligned  with  the  velocity  vector,  and  the 
hardbody  has  zero  sideslip  and  zero  angle-of-attacfc. 


3.4.3  Intensity  Functions.  The  two  Gaussian  bivariate  intensity  functions,  shown  in 
Figure  3.3,  are  centered  at  63  and  1 10  meters  behind  the  missile.  Bach  intensity  function  has  a 
maximum  intensity  value  of  20  intensity  units. 

3.4.4  Atmospheric  Jitter.  The  variance  and  mean  squared  value  for  the  atmospheric  jitter 
in  both  FLIR  directions  is  0.2  pixels2. 

3.4.5  Bending/Vibration.  From  Equation  (3-29),  the  values  for  the  second -e'er 

bending/vibration  model  are  as  follows: 

Kb2  =  5  x  10 11  radVsec4 
C*  =  0.15 
(o„6  =  Tt  rad/sec 

3.4.6  Plume  Pogo  Characteristics.  The  size  of  the  plume  is  on  the  order  of  30  times  the 
diameter  of  the  missile  at  the  altitudes  of  interest.  The  values  below  represent  values  of  pogo 
oscillation  as  determined  in  previous  research  [40]. 

pogo  oscillation  =  0.1  -  10  Hz  (nominal  is  1  Hz) 

pogo  rms  =  0.0112-1.120  pixels  (nominal  is  0.112 
pixels) 

For  this  research,  the  elemental  filter  in  the  AFIT  software  was  tested  against  nominal  conditions. 

3.4.7  Spatially  Correlated  Background  Noise.  The  rms  value  of  vJk,  the  summed  effect 
of  the  spatially  correlated  background  noise  bJk  and  the  FLIR  sensor  noise  nJk,  of  Equation  (3-45), 
equals  one.  This  produces  a  SNR  of  20. 
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3.4.8  Low-Energy  Laser  Speckle  Return  Measurement  Dimensions.  The  low-energy  scan 
is  represented  as  a  rectangle  at  the  hardbody  target.  The  scan  iength  is  262.5  meters  (8.75  pixels), 
which  is  three  times  the  true  model  center-of-mass  offset  distance,  and  the  scan  width  is  0.1 
meters.  The  measurement  noise  associated  with  the  speckle  return  was  obtained  by  taking  1%  of 
the  hardbody ’s  length,  and  converting  to  pixels,  giving  a  variance  of  0.000178  pixels1  [9], 

3.4.9  Plume  Reflectance  Model.  From  correspondence  with  Phillips  Laboratory  personnel 
[3],  the  bias  utilized  by  the  plume  reflectance  model  is  approximately  25  -  30  meters  and  appears 
90  -  95%  while  the  plume  is  illuminated  during  the  boost  phase.  For  the  simulation,  nominal 
values  for  the  bias  and  rate  ot'  appearance  are  set  at  25  meters  and  90%,  respectively. 

3.4.10  Low-Energy  Doppler  Return  Measurement  Dimensions.  The  Doppler  measurement 
noise  rms  tracking  errors  are  functions  of  wavelength,  radar  aperture,  and  SNR.  The  previous 
thesis  studied  filter  performance  dependent  upon  the  wavelength  values  of  .53pm,  1.06  pm, 
2.01pm,  4pm,  6pm,  8pm,  and  10.5pm,  with  SNR  values  of  10, 8, 6,  and  4,  and  probability-of-miss 
Pm  values  of  0.0,  0.01,  0.02,  0.03,  0.04,  0.05,  0.10,  0.20,  and  0.30.  Since  the  purpose  of  this 
thesis  was  to  incorporate  pot;o  into  the  filter,  the  filter  was  given  the  benefit  of  the  best  possible 
Doppler  measurements  throughout  the  simulation.  Therefore  the  conditions  were  set  for  a 
wavelength  of  .53pm,  a  SNR  of  10  and  a  Pm  value  af  0.01.  The  radar  aperture  d  of  Equation  (3- 
59)  of  .5  meters  was  carried  over  from  the  previous  thesis. 

3.4.11  Hardbody  Reflectivity  Measurement  Model.  The  function  p(-),  in  Equation  (3-50), 
represents  the  sensitivity  threshold  of  the  low-energy  laser  return  sensor.  The  threshold  must  be 
less  than  the  magnitude  of  reflection,  mr  (scaled  according  to  the  aspect  angle  y),  to  detea  the 
return  from  the  hardbody.  In  the  simulation,  the  value  of  the  threshold  is  set  to  0.0.  This  was 
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to  allow  reception  of  measurements  if  any  backscatter  was  received  at  all  (perfect  LEL  receiving 
equipment). 

3.5  Summary 

This  chapter  presented  the  mathematical  equations  used  to  model  the  true  environment. 
The  truth  model  contains  14  states  describing  translational  motion  of  the  centroid  in  the  PUR 
plane  due  to  target  dynamics,  atmospheric  disturbances,  bending/vibration  of  the  platform  and 
optics,  and  the  pogo  effect  of  the  plume.  The  truth  system  is  implemented  in  the  AFIT  software 
using  the  discrete-time  dynamics/discrete-time  measurement  models  presented  in  Section  3.2,  and 
the  continuous  dynamics  equations  are  utilized  in  the  MSOPE  simulations. 

Section  3.3  delineated  how  the  measurements  are  generated  for  the  tracking  scenario.  The 
raw  FLIR  measurements  are  simulated  by  creating  a  composite  plume  intensity  function  on  the 
64-pixel  array  (the  FOV)  and  then  corrupting  it  with  noise.  The  array  data  is  then  processed 
through  the  enhanced  correlation  algorithm  to  produce  translational  offsets  of  the  centroid  for  the 
linear  Kalman  filter  update.  This  section  also  outlined  how  the  3-dimensional  missile  hardbody 
is  projected  onto  the  FLIR  plane  and  how  the  reflectivity  function  is  determined  based  on  scenario 
geometry.  Finally,  the  use  of  the  laser  backscatter  to  formulate  the  Doppler  measurement  is  also 
depicted.  The  same  reflectivity  model  is  used,  but  measurements  are  corrupted  with  rms  angle 
tracking  errors  associated  with  a  specific  wavelength,  radar  aperture,  ard  SNR,  and  there  is  no 
bias  as  there  was  in  the  speckle  return  measurements. 
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IV.  Filter  Models 


4.1  Introduction 

This  chapter  presents  the  filter  dynamics  and  measurement  models  used  for  this  thesis. 
All  the  structures  described  are  reduced-order,  simplified  versions  of  the  truth  model.  The 
dynamics  model  is  separated  into  individual  dynamics  models  for  target  dynamics,  atmospheric 
disturbances  affecting  the  plume  intensity  centroid  location  on  the  FLIR  plane,  and  pogo  affecting 
oscillation  of  the  intensity  centroid  relative  to  the  hardbody  center-of-mass.  Since  the  plant  matrix 
(and  corresponding  discrete-time  state  transition  matrix)  and  other  matrices  that  form  the  models 
are  of  a  block-diagonal  structure,  the  various  filters  used  in  the  MSOFE  and  AFIT  software 
simulations  can  be  assembled  by  including  the  portions  associated  with  the  desired  states. 
Chapters  V  and  VI  describe  the  states  that  each  individual  filter  configuration  includes.  This 
chapter  also  includes  a  description  of  the  enhanced  correlation  algorithm  which  delivers  "pseudo¬ 
measurements"  of  image  intensity  centroid  offsets  in  the  FUR  plane  to  the  linear  Kalman  filter. 

Three  items  of  import  should  be  remembered  while  reading  the  chapter.  First,  the  target 
dynamics  model  for  the  filters  differs  from  the  truth  model  in  that  the  deterministic  driving  input 
is  zero.  The  filter  models  have  four  target  dynamics  states,  with  the  velocity  states  being  modeled 
as  constants,  and  thus  the  derivatives  of  these  states  are  set  to  zero  (plus  pseudonoise  far  filter 
tuning  puiposes).  In  contrast,  there  are  only  two  position  states  in  the  truth  model,  driven  by 
known  (simulated)  constant  velocity  values.  The  second  noteworthy  item  is  that  the  MSOFE  filter 
models  only  incorporate  FLIR  measurements,  and  therefore  do  not  deliver  hardbody  center-of- 
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mass  coordinates.  Recall  that  the  MSOFE  simulations  were  only  performed  to  gain  insight  into 
observability  difficulties,  so  none  of  those  simplified  models  incorporate  the  centroid/center-of- 
mass  offset  measurement.  The  third  important  item  to  remember  is  that  the  target  dynamics  states 
of  the  AFIT  filter  model  describe  the  hardbody  center-of-mass,  whereas  target  dynamics  states  of 
the  truth  model  and  MSOFE  models  (and  previous  AFIT  FUR  filter  models  [8,9,14,31,40,41]) 
describe  the  plume  intensity  centroid.  This  difference  from  previous  research  is  because  there  is 
no  separation  of  centroid  location  estimation  and  offset  estimation,  and  all  states  have  been 
combined  into  a  single  filter.  Therefore,  there  is  no  "FUR  filter"  and  "center-of-mass  offset  filter" 
as  in  the  previous  three  theses  [8,9,14] 

The  AFIT  software  simulation  filter  model  contains  nine  states  (all  four  target  dynamics 
states,  a  two-state  approximated  atmospheric  jitter  model,  two  pogo  states,  and  the  offset  state). 
In  the  simulation,  the  filter  performs  an  update  based  on  the  FLIR  measurements.  The  updated 
position  of  the  estimated  location  ot  the  centroid  is  then  used  as  the  initial  point  of  the  laser 
scanning  routine.  The  laser  is  swept  in  relation  to  the  updated  velocity  vector  to  obtain  an  offset 
measurement  via  the  Doppler  return  (as  described  in  Section  3.3).  The  filter  is  then  updated  from 
the  LEL  measurement  and  the  state  vector  is  estimated  for  the  next  sample  period. 

4.2  Dynamics  Models 

The  elemental  AFIT  filter  employed  in  this  study  is  a  single  nine-state  filter  combining 
the  models  that  have  been  developed  by  AFIT  students  over  thirteen  years  of  research 
[8,13,14,31,33,40,41].  The  filter  consists  of  two  hardbody  center-of-mass  position  states,  two 
hardbody  velocity  states,  two  atmospheric  jitter  position  states  (affecting  centroid  location  in  the 
FLIR  plane),  two  pogo  oscillation  states  (affecting  centroid  location  relative  to  hardbody),  and  a 
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centroid/center-of-mass  offset  state.  The  observability  study  filters  used  varying  combinations  of 
the  following  states: 

►  4  or  6  target  dynamics  states  (position,  velocity,  acceleration  of  centroid  in  x 

and  y  directions) 

»  2  or  6  atmospheric  jitter  centroid  position  stales 

►  2  pogo  states  (offset  from  centroid  equilibrium  point  and  velocity) 

The  state  vector  for  the  desired  filter  can  be  assembled  by  including  the  required  states 
from  the  following  vector: 

(4-1) 

where 

x,  =  x  component  of  target  position  (azimuth),  relative  to  center  of  FOV  * 

y,  ■  y  component  of  target  position  (elevation),  relative  to  center  of  FOV  * 

v,  *s  x  component  of  target  velocity  * 

Vj,  =  y  component  of  target  velocity  * 

ax  «  x  component  of  centroid  acceleration  (if  included  in  model) 

ax  =  y  component  of  centroid  acceleration  (if  included  in  model) 

xa  =  x  component  of  atmospheric  jitter  (1  or  3  states) 

ya  =  y  component  of  atmospheric  jitter  (1  or  3  states) 

xp  -  offset  (along  velocity  vector)  of  centroid  from  equilibrium  point 

vp  =  velocity  (along  velocity  vector)  of  pogo  oscillation 

x0  =  offset  between  centroid  equilibrium  point  and  center-of-mass 

*  Note:  The  target  is  considered  to  be  the  missile  center-of-mass  for  the  elemental  filter;  it’s  the 
centroid  for  all  others. 
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Each  state  in  Equation  (4-1)  is  coordinatized  in  the  a-0  (FUR)  plane  of  Section  2.3. 1.4. 
For  the  observability  gramian  studies  (the  only  models  that  included  acceleration  states)  the  target 
acceleration  is  represented  as  an  exponentially  time-correlated  first  order  Gauss-Markov  process 
[40].  A  comparison  between  the  filter  model  presented  here  and  the  fourteen-state  truth  model 
described  earlier  in  Chapter  III  reveals  the  extent  of  state  reduction.  Note  that  the  atmospheric 
jitter  model  can  be  reduced  from  the  six  states  defined  in  the  truth  model  in  Chapter  III  to  two 
states.  The  effect  of  the  higher  frequency  double  pole  in  each  FUR  axis  direction  is  negligible 
and  is  intentionally  disregarded  in  the  elemental  filter  to  reduce  the  filter  order  [38].  Since  the 
full  six-state  jitter  model  is  the  same  as  the  one  employed  for  the  truth  model,  the  two  state 
approximated  model  will  be  presented  here.  Furthermore,  the  bending/vibration  states  defined  in 
Section  3.2.3  are  similarly  excluded  since  past  research  found  no  significant  degradation  in  filter 
performance  without  these  states  [17],  The  pogo  states  defined  in  Section  3.2.4  are  modeled 
identically  to  the  truth  model  with  the  exception  of  scaling  noise  strengths  for  tuning  purposes. 
Finally,  the  offset  state  was  only  included  in  the  AFIT  elemental  filter.  When  it  is  included,  the 
definition  of  the  target  dynamics  states  (but  not  the  mathematical  dynamics  model)  changes  from 
centroid  location  to  the  center-of-mass  location.  As  will  be  seen  in  Section  4.3,  the  measurement 
model  does  change  slightly  with  this  alteration. 

The  filter  model  is  described  by  the  time-invariant,  linear  stochastic  differential  equation 

[21]: 

*(r)  =  Fx(t)  +  Ow(t)  t4*2) 

where 
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F  =  time-invariant  system  (plant)  matrix 
x(t)  *  n-dimensional  filter  state  vector 
G  =  n  x  m  time-invariant  noise  distribution  matrix 
w(t)  a  m-dimensional,  white  Gaussian  noise  process  with  independent  components, 
and  mean  and  covariance  kernel  statistics: 


(4-3) 


Eiw(t))  =  0 

E{w(t)wT(t  +  t)}  =  Q  5(t) 

The  filter  state  estimate  and  error  covariance  matrix  are  propagated  forward  to  the  next 
measurement  update  using  the  following  discrete-time  filter  propagation  equations  [21]: 

*(/,;,)  =  4>(A0i(O  ^4> 


/»(/,;,)  =  4>  (A /)/*(// )d>r(Af)  +  Qd  (4-5) 

where 

£(tt)  =  filter  estimate  of  the  n-dimensional  state  vector 
4>(At)  =  n  x  n  time-invariant  state  transition  matrix  for  propagation  over  the  sample 
period:  A t  =  ti+1- 1, 

P(tJ  b  n  x  n  filter  covariance  matrix 

(t[)  b  time  instant  before  measurement  is  incorporated  into  the  estimate  at 
time  tt 

(t*)  b  time  instant  after  measurement  is  incorporated  into  the  estimate  at 
time  t, 

Qd  -  m  x  m  filter  dynamics  discrete  noise  covariance  given  by: 


Qd 


*(tl,.-T)GQGT<t>T(tl.rx)dx 


(4-6) 


The  components  of  Equations  (4-2), (4-4)  and  (4-5)  associated  with  each  state  are  described  in  the 


next  four  sections. 
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4.2.1  Target  Dynamics  Model.  Two  separate  dynamics  models  were  used  in  this  research. 
In  the  hill  six-state  model  the  target  acceleration  is  modeled  as  an  exponentially  time-correlated 
first  order  Gauss-Markov  process.  The  acceleration  model  was  not  ever  used  in  Monte  Carlo 
analysis  for  this  research.  Since  it  was  only  used  for  the  stochastic  observability  gramian  models, 
and  results  were  inconclusive  (see  Chapter  V),  it  is  not  specified  here.  The  model  used  for  tire 
observability  gramian  analysis  was  identical  to  the  one  detailed  in  Rizzo’s  thesis  [40],  so  the 
interested  reader  is  referred  there  for  a  full  description. 


The  MSOFE  and  elemental  filter  models  used  a  four-state  model  to  describe  target 
dynamics.  This  model  is  represents  the  velocity  states  as  random  constants  plus  noise  [21].  The 
time-invariant  continuous-time  dynamics  system  matrix  F,  is  given  by: 

[o  0  1  0 

0  0  0  1  (4-7) 

0  0  0  0 
0  0  0  0 

The  noise  distribution  matrix  G,  is: 

0  0 
0  0 
1  0 
0  1 

The  strength  of  the  white  Gaussian  noise  w, ,  given  by  Q, ,  is: 


(4-9) 
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The  time  invariant  target  dynamics  state  transition  matrix  Q,(A,f  is  given  by: 


<I>,(A/) 


1  0  A.'  0 
0  1  0  At 
0  0  10 
0  0  0  1 


The  filter  dynamics  discrete  noise  covariance  Qit  is  given  by: 
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Q, 


1a  t3  o 

3 

0  J.Ar3 

3 

1a  t2  0 
2 

0  J-At2 

2 


Iai2  0 
2 

o  1a  t2 

2 

At  0 

0  At 
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4.2.2  Atmospheric  Disturbance  Model.  The  atmospheric  jitter  model  describes  the  motion 
of  the  plume  image  in  the  FLIR  plane  due  to  atmospheric  disturbances  (refraction  variations  from 
moisture,  turbulence,  thermal  variation,  etc.).  The  full  six-state  model  developed  by  the  Analytic 
Sciences  Corporation  is  introduced  in  Section  3.2.2.  This  section  presents  an  approximated  model 
that  implements  a  first-order  Gauss  Markov  white  noise  process  to  simulate  jitter  along  each  FLIR 
plane  axis.  The  time-invariant  system  matrix  Fa  of  the  continuous-time  dynamics  model  of 
Equation  (4-2)  is: 


where 


(4-12) 


to,  =  atmospheric  jitter  break  frequency,  14.14  rad/sec 
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The  noise  distribution  matrix  Ga  is: 


The  strength  of  the  white  Gaussian  noise  wa ,  given  by  Qa ,  is: 


where 

a,2  =  variance  and  mean-squared  value  for  the  atmospheric  jitter  process 
t,  =  correlation  time  constant  for  atmospheric  jitter  process  (t,  =  1/co) 


The  time  invariant  target  dynamics  state  transition  matrix  4>fl  (At)  is  given  by: 


d>fl  (AO  - 


exp(-<oaA0  0 
0  exp(-coaA0 


The  filter  dynamics  noise  covariance  is  given  by: 


where 


(Ida,,  0 

0  <lda22 


(4-13) 


(4-14) 


(4-15) 


(4-16) 


(4-17) 


In  the  MSOFE  simulations,  the  atmospheric  jittci  variance  and  Ka  (truth  model  gain 


adjustment  from  Section  3.2.2)  were  initially  adjusted  to  yield  a  process  noise  strength  in  both  the 
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truth  and  filter  models  equivalent  to  cr,3=0.2.  The  dynamics  noise  parameter  values  for  the  filter 
were  then  adjusted  during  the  tuning  process. 


4.2.3  Pogo  Dynamics  Model.  The  plume  pogo  dynamics  model  implemented  in  all  filters 
was  identical  to  the  model  described  in  Section  3.2.4.  The  time-invariant  system  matrix  Fp  is 
given  by: 


0 

-V 


i 


Vv 


(4-18) 


wli  e 


= 


= 


undamped  natural  pogo  nequency  (0.1  -  10  Hz,  1  Hz  nominal) 
filter  damping  coefficient  chosen  to  be  0.05  [40] 


The  noise  distribution  matrix  Gp  is: 


w 


(4-19) 


and  the  white  Gaussian  noise  wp ,  given  by  Qp ,  is  of  unit  strength: 

1 

The  time  invariant  target  dynamics  state  transition  matrix  <t>p(Ai)  is  given  by: 


(4-20) 


4>#(Ar)  = 


(4-21) 


and  the  scalar  elements  of  <J>P  (At)  are  the  same  as  given  in  Equation  (3-43),  Section  3.2.4.  The 
filter  dynamics  noise  covariance  Qda  is  not  included  here  due  to  its  extreme  length  and  the 
complexity  of  its  elements.  The  interested  reader  is  referred  to  the  software  for  a  complete 
description  of  this  matrix. 
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4.2.4  Centroid  Equilibrium  Point/Center-of-Mass  Offset  Model.  In  previous  theses 
[8,9,14],  the  measurement  determined  from  the  LEL  (by  either  speckle  return  or  Doppler  spectra 
of  the  plume  and  hardbody)  was  processed  in  an  independent  center-oi-mass  offset  filter.  The 
estimate  from  that  filter  was  then  added  to  a  FLIR  filter  that  estimated  the  position  of  the  centroid 
in  order  to  obtain  center-of-mass  position.  Since  pogo  was  not  included  in  the  filter  models,  the 
offset  between  the  center-of-mass  and  the  intensity  centroid  was  modeled  as  a  constant.  For  this 
thesis,  the  same  dynamics  model  is  used,  but  the  offset  state  is  augmented  to  the  previous  models 
to  form  a  single  nine-state  AFIT  elemental  filter.  The  constant  offset  state  describes  the  distance 
between  the  equilibrium  po.  &.  it  which  the  plume  pogos.  The  offset  is  modeled  as  a  bias. 
Equations  (4-2),  (4-4),  and  (4-5)  are  still  applicable  but  are  expressed  in  scalar  form  since  there 
is  only  a  single  state.  The  bias  is  modeled  as  a  simple  integrator,  with  driving  pseudo-noise  for 
filter  tuning  purposes. 

The  elements  of  the  linear,  time-invariant  stochastic  differential  equation  are: 


F0  =  0 

Ga  =  time-invariant  noise  distribution  matrix,  equal  to  unity 

wB(t)  =  white  Gaussian  noise  process,  independent  of  the  noises  driving  the  target 
dynamics  and  atmospheric  jitter  models,  with  mean  and  covariance  kernel 
statistics: 


E(wo(ij\  =  0 

E{wo{t)wo(t  +  t)}  =  Qo  6(t) 


(4-22) 


and  Q„  =  1. 


The  elements  of  the  equivalent  discrete-time  filter  propagation  Equations  (4-4)  and  (4-5) 
are  given  by: 
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<1>0  (At)  »  time-invariant  state  transition  matrix,  equal  to  unity 


Qdo  =  filter  dynamics  noise  variance  given  by  equal  to  Q„  At 


4.3  Measurement  Models 

This  section  discusses  the  filter  measurement  models  implemented  for  this  thesis.  The 
first  subsection  explains  how  the  raw  FUR  data  is  processed  through  an  enhanced  correlation 
algorithm.  By  use  of  templates,  the  algorithm  generates  "pseudo-measurements"  for  the  linear 
Kalman  filter.  The  linear  and  non-linear  update  functions  employed  for  the  Kalman  filters  are  also 
presented.  Finally,  the  last  subsection  describes  the  measurement  model  used  in  conjunction  with 
the  low-energy  laser  measurements. 

4.3.1  FUR  Measurement  Model.  Measurements  of  the  intensity  centroid’s  position  are 
generated  by  an  enhanced  conelator  algorithm,  shown  in  Figure  4.1,  developed  by  Rogers  [27,41], 
Unlike  the  standard  correlator  tracker  that  correlates  the  current  FUR  data  frame  with  the  previous 
data  frame,  this  enhanced  correlator  algorithm  correlates  the  current  FUR  data  frame  with  a 
template  that  represents  an  estimai  of  the  target  plume’s  intensity  function.  "Psuedo- 
measurements  '  of  the  centroid’s  position  offsets  are  produced  by  this  correlator,  and  since  the 
"pseudo-measurements"  are  of  a  nonharsh  nonlinearity  with  respect  to  the  states  being  estimated, 
this  tracker  uses  a  nearly  linear  Kalman  filter.  Because  the  enhanced  correlator  algorithm  and  the 
template  generation  have  not  changed,  the  next  two  sections  describing  their  operation  are 
reproduced  from  the  previous  thesis  with  slight  modifications  [14]. 
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Figure  4. 1  Linear  Kalman  Filter/Enhanced  Correlator  Algorithm 

43.1.1  Enhanced  Correlator  Algorithm.  The  algorithm  presented  here  was  developed  as 
an  alternative  to  an  earlier  64-dimensional,  nonlinear  measurement  model.  Previously,  an 
extended  Kalman  filter  processed  raw  FLIR  measurement  data  from  a  standard  FLIR  sensor,  with 
no  correlation  algorithm  utilized  at  all  [31].  With  the  enhanced  correlator  algorithm,  a  nearly 
linear  Kalman  filter  is  employed  since  the  output  measurements  from  the  correlation  algorithm  are 
2-dmensional  position  measurements  that  are  nonharsh  nonlinear  functions  of  the  states  to  be 
estimated.  As  will  be  seen  in  later  in  the  section,  the  nonlinearity  is  a  sinusoidal  function  caused 
by  the  introduction  of  the  4ume  pogo  effect  into  the  model.  The  sinusoidal  function  is  a  mild 
nonlinearity  in  comparison  rhe  extended  Kalman  filter  model  required  to  process  raw  FLIR 
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data.  This  enhanced  correlator/linear  Kalman  filter  configuration  performed  as  well  as  the 
extended  Kalman  filter  with  respect  to  rms  tracking  errors  and  further  provided  a  reduction  in 
computational  loading.  The  "enhancement"  occurs  in  the  following  manner  [41]: 

1.  The  most  current  FL1R  data  is  correlated  with  a  template  (which  is  an  estimate  of  the 
target’s  intensity  function),  instead  of  with  the  previous  FLIR  data  frame. 

2.  Instead  of  outputting  the  peak  of  the  correlation  function,  a  technique  known  as 
"thresholding"  is  used  along  with  a  simple  center-of-mass  computation.  The  enhanced 
correlator  outputs  the  center-of-mass  of  the  portion  of  the  correlation  function  that  Is 
greater  than  some  predetermined  lower  bound.  Consequently,  the  enhanced  correlator 
has  no  difficulty  distinguishing  global  peaks  from  local  peaks,  as  do  many  conventional 
"peak-finding"  correlation  algorithms. 

3.  The  FLER/laser  pointing  commands  are  generated  via  the  Kalman  filter  propagation  cycle 
instead  of  by  the  "raw  measurement"  output  of  a  standard  correlation  algorithm. 

5.  The  Kalman  filter  estimate,  Jc (t*),  is  used  to  center  the  template,  so  that  the  offsets  seen 
in  the  enhanced  correlator  algorithm  should  be  smaller  than  those  visible  in  the 
conventional  correlator.  This  increases  the  amount  of  "overlap"  between  the  actual  FLIR 
data  and  the  stored  template,  and  thus  improves  performance. 

Referring  back  to  Figure  4.1,  the  enhanced  correlation  algorithm  uses  the  8  x  8  array  of 
target  intensities  obtained  by  the  FLIR  measurement,  to  establish  a  64-element  shape  function 
from  the  target  plume  intensity  profile  (Section  3.3.1).  The  intensity  functions  are  centered  on 
the  FLIR  plane  by  translational  shifts  using  centroid  offset  estimates  from  i if*),  using  the  "shifting 
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property"  of  the  Fourier  Transform,  where  negating  phase  shifts  ore  applied  in  the  spatial 
frequency  domain  to  accomplish  a  translational  shift  in  the  original  domain.  Rather  than  perform 
the  difficult  correlation  in  the  time  domain,  the  Fourier  domain  allows  one  to  apply 
straightforward  multiplication  to  implement  the  "translational  shift"  of  the  intensity  functions  and 
eventual  correlation  with  the  template.  Exponential  smoothing  is  then  used  to  average  the  result 
with  previously  centered  images  to  yield  on  updated  template.  The  current  FLIR  data  is  then 
correlated  against  the  template  of  the  previously  stored  shape  function  that  has  been  centered  on 
the  FLIR  image  plane.  The  outputs  of  the  algorithm  are  two  linear  offsets,  xe  and  yc  as  shown  in 
Equations  (3*1)  and  (3-2),  that  yield  the  highest  correlation  of  the  current  data  with  the  template. 
These  "pseudo-measurements”  are  then  fed  to  the  linear  FLIR  Kalman  filter  for  its  update.  The 
filter  provides  the  updated  estimate,  kit*),  used  to  center  the  FLIR  intensity  profile  to  be  included 
in  the  template  generation  for  the  next  measurement. 

43.1.2  Template  Generation.  The  template  reconstructs  the  shape,  size,  and  location  of 
the  intensity  centroid  using  the  raw  noise-corrupted  FLIR  measurements.  o  template  generation 
begins  with  an  input  of  a  FLIR  frame  of  data  to  the  enhanced  correlator  algorithm  of  Figure  4.1. 
Using  the  "shifting"  property  of  the  fast  Fourier  transform  (FFT),  which  states  that  a  translational 
shift  in  the  spatial  domain  is  equivalent  to  a  linear  phase  shift  in  the  frequency  domain,  the 
required  phase  shift  is  computed  by: 

f{B(*  ~  x,w  y  ~  W}  =  fy)wH2n(fx  •  xshjfl  +  fy  •  y,^))  (4-23) 
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where 


F{  •}  ■  Fourier  transform  operator 

g(x,y)  ■  2-dimensional  spatial  data  array 

G(fx<fs)  ■  HtM) 

f*>fy  “  spatial  frequencies 

The  Fourier  transform  is  implemented  in  the  simulation  software  using  the  Cooley-Tukey 
algorithm  [41].  The  target  plume  intensity  shape  function  is  "centered  on  the  FLIR  plane"  by 
phase  shifting  the  transformed  function  an  amount  equal  to: 

x»h )  +  )  +  )cos (4-24) 

y.wU,')  “  *,(0  +  ?a(0  "  V'Dsinfy 

where  A, ,  $>, ,  ,  5>„ .  and  5tp  are  the  state  estimates  defined  in  Equation  (4-1),  and  0r  is  the  filter’s 

estimate  of  the  velocity  vector  angle  in  the  FLIR  plane.  For  the  phase  shifting  function,  the  target 
dynamics  states  (denoted  by  subscript  r),  always  refer  to  the  centroid  center-of-intensity.  In  the 
AFIT  elemental  filter,  the  target  dynamics  states  of  Equation  (4-1),  refer  to  the  hardbody  center- 
of-mass,  so  the  estimates  used  in  Equation  (4-24)  are  calculated  by  subtracting  the  filter’s 
estimated  offset  from  those  states  to  obtain  £,  and  % .  Once  the  data  is  centered  on  the  FLIR 
plane,  it  is  incorporated  into  an  updated  template  for  the  next  sample  period.  In  the  simulation, 
the  Kalman  filter’s  first  update  cycle  is  bypassed  to  form  the  initial  template. 

The  template  is  generated  by  averaging  the  N  most  recent  centered  intensity  functions 
observed  by  the  FLIR  sensor.  The  averaging  process  tends  to  accentuate  the  target  intensity 
function  and  attenuate  the  corrupting  background  and  FLIR  noises.  The  memory  size  N  is  chosen 
according  to  how  rapidly  the  shape  functions  change,  i.e.,  highly  dynamic  intensity  functions 
require  small  values  of  N,  while  slowly  varying  functions  use  large  N  values.  Typically,  a  true 
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finite  memory  averager  would  require  a  large  computer  memory  [22].  However,  the  enhanced 
correlator  algorithm  circumvents  the  memory  storage  issue  by  incorporating  an  "exponential 
smoothing"  technique  to  approximate  the  averaging.  This  technique  has  properties  similar  to  finite 
memory  averaging,  but  with  the  advantage  of  requiting  only  the  storage  of  a  single  FLER  frame 
of  data.  The  template  is  maintained  by  the  exponential  smoothing  algorithm  given  by: 

1(0  -  yKO  *  (1  -  Y )/(/„)  (4*25) 

where 

!(t, )  =  "smoothed  estimate"  (template)  of  the  target’s  intensity  function 
I(t, )  =  "raw"  intensity  function  from  the  current  FLER  data  frame 
y  =  smoothing  constant:  0  ■<  y  '  1 

The  smoothing  constant  y  is  comparable  to  the  value  selected  for  N.  From  Equation  (4-25),  it  can 
be  seen  that  large  values  of  y  emphasize  the  current  data  frame  and  correspond  to  small  values 
of  N.  Based  on  previous  studies  [19,45],  a  smoothing  constant  of  y  =  0.1  is  used  for  this  thesis. 

A  reinitialization  algorithm  is  used  once  after  the  first  ten  sample  periods  (although  it 
could  be  called  periodically  thereafter  as  well  in  actual  implementation).  Once  the  template  is 
computed,  its  centroid  is  calculated  and  shifted  to  the  center  of  field  of  view  for  the  template,  thus 
eliminating  any  biases.  It  is  this  template  which  is  now  stored  and  correlated  with  the  next  FLIR 
data  to  produce  the  "pseudo-measurements." 

4.3.13  "Pseudo-Measurements" .  The  template  serves  as  the  best  estimate  of  the  shape 
of  the  target  plume  intensity  function  prior  to  receiving  a  new  FLIR  data  frame.  The  cross¬ 
correlation  of  the  incoming  FLIR  data  with  the  template  provides  the  position  offsets  from  die 
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center  of  the  FOV  to  the  centroid  of  the  target  intensity  image.  The  cross-correlation  is  computed 
by  taking  the  inverse  fast  Fourier  transform  (1FFT)  of  the  equation  [41]: 

F(g(*,y)  *  /(*,y)l  -  G(  fs,  fy)L\  fx,  fy)  (4-26) 

where 

F{  •}  ■  Fourier  transform  operator 

g(x,y)  a  measured  target  intensity  function  of  the  current  FLIR  data  frame 
l(x,y)  »  expected  target  plume  intensity  function  (i.e.,  template) 
g(x,y)  *  l(x,y)  a  cross-correlation  of  g(x,y)  and  l(x,y) 

G(fx>fy)  =  F{g(x,y)) 

L‘(fx  ,fy)  a  complex  conjugate  of  F[l  (x,y)} 

After  the  IFFT  is  accomplished,  the  values  of  the  correlation  function,  g( x  v)  *  l(x,y),  are  modified 
such  that  any  value  less  than  0.3  of  the  function's  maximum  value  is  set  to  zero  [19,37].  This 
"thresholding"  technique  is  used  to  eliminate  false  peaks  in  the  correlation  function  that  occur  due 
to  noise  and  other  effects.  As  shown  earlier  in  Figure  4.1,  the  output  of  the  image  correlation  is 
the  offset  of  the  "thresholded"  FLER  intensity  centroid  from  the  center  of  the  FLIR  FOV.  This 
offset  is  assumed  to  be  the  result  of  the  summed  effects  of  target  dynamics,  atmospheric  jitter,  the 
pogo  effect,  and  measurement  noise. 

If  the  filter  only  receives  FLIR  measurements  and  therefore  only  tracks  the  plume  centroid 
(i.e.  no  LEL  measurements),  as  was  the  case  with  the  "FLIR  filter"  used  in  previous  theses 
[8,9.14]  and  the  filter  implemented  in  MSOFE  for  this  thesis,  then  the  *-  and  y-components  of  the 
offsets  are  the  pseudo-measurements  provided  to  the  Kalman  filter.  In  this  case  the  target 
dynamic  states  describe  the  motion  of  the  centroid.  For  the  following  development,  an  eight-state 
filter  used  in  MSOFE  simulations  will  serve  as  an  example.  The  state  vector  x  of  Equation  (4-1) 
consists  of  4  target  dynamics,  2  atmospheric  jitter  (one  state  per  axis)  and  2  pogo  states. 
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The  offsets  from  the  enhanced  correlator  are  expressed  in  terms  of  Equation  (4-1)  as: 


*<*.,  “*,*■*.-  x„cos e,  +  vn 

"  y,  *  ya  -  vin0/  +  Vf2 


(4-27) 


where 


cos  9^ 
sin  6^ 


W  +  vy 

~V> 

H  +  vy2 


(4-28) 


and  07  is  the  angle  between  the  velocity  vector  and  the  x-axis  of  the  FLIR  plane.  These  two 
measurements  can  be  represented  in  state  form  as: 


where 


*('/)  =  */[*/('/).*,]  +  vf(tt) 


(4-29) 


xf(f,) 


Vf(0 


t  XoffiJti)’  y0aJh)  ]T;  measured  in  pixels 

nonlinear  measurement  function  vector  given  by  Equation 
(4-27) 

state  vector  of  Equation  (4-1) 

2-dimensional,  discrete-time,  white  Gaussian  measurement 
noise  (in  pixels)  with  statistics: 


£{v(r,)}  =  0 


£{v(r,)vr(rp}  =  { 


R  t,  =  tj 

0  t .  *  t, 


(4-30) 


Note  that  because  of  the  pogo  states  being  defined  along  the  velocity  vector  and  being  included 
in  the  output  equations,  this  measurement  model  is  nonlinear  in  the  filter  states  and  the  extended 


4-18 


Kalman  filter  update  cycle  described  in  Chapter  U  (Equations  (2-26)  and  (2-27))  must  be  applied. 
The  equations  are  [21]: 


K(t,)  =  Pf(OHT,[HfPr(t;)HT,  *  RfV 
*f(0  -  i,(0  +  KOt){z(tt)  -  *,!*,(#,■)./,]} 
pf(0  =  Pf(0  -  K(t')HfPf(0 


where 


m  - 
pf(t,)  = 

Hf  = 

*/  = 
*A)  = 
= 

('.)  = 
M  = 


8x2  filter  gain  matrix 
8x8  filter  covariance  matrix 

2-dimensional  non-linear  measurement  function;  Equation  (4-29) 
linearized  measurement  matrix;  Equation  (2-26) 

2x2  measurement  noise  covariance  matrix;  Equation  (4-34) 
8-dimensional  estimated  state  vector;  Equation  (4-1) 
2-dimensional  measurement  vector;  Equation  (4-29) 
time  instant  immediately  before  measurements  are  incorporated  at 
time  t, 

time  instant  immediately  after  measurements  are  incorporated  at 
time  t, 


(4-31) 


For  the  example  8-state  filter,  using  Equations  (4-27)  and  (4-28),  the  linearized  FUR  measurement 
matrix  Hf  is  given  by: 


Hf  = 


1  0  Hi3  Hh  1  0  //„  0 

0  1  h23  h33  0  1  h27  0 


where  the  scalar  elements  are: 
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(4-33c) 


(4-33d) 
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Note  that,  in  the  observability  tests  for  which  0/  was  artificially  assumed  to  be  known,  the  //13 , 
4 ,  //23 ,  and  //24  terms  in  Equation  (4-31)  become  zero  and  Hn  -  cosQf  and  H27  =  -sin0/ . 


The  measurement  noise  vf(tj  represents  the  combined  corrupting  effects  of  the  spatially 
correlated  background  noise,  the  FLIR  sensor  noise  (Section  4.3.1),  and  the  errors  due  to  the 
FFT/IFFT  processes.  The  covariance  matrix  Rf  (with  units  of  pixels2)  associated  with  this  error 
is  given  by  [13,33,41]: 


R 


f 


0.00436  0 

0  0.00436 


(4-34) 
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For  the  elemental  filter  implemented  in  the  AFIT  software,  a  ninth  state,  centroid 
equilibrium  point  to  center-of-mass  offset  x0 ,  is  augmented  to  the  state  vector  of  Equation  (4-1). 
The  four  target  dynamics  states  (x,,y,,vx,vy)  in  this  case  describe  the  motion  of  the  hardbody  center- 
of-mass.  The  fundamental  extended  Kalman  filter  update  equations  remain  the  same,  but  the  non¬ 
linear  measurement  function  and  associated  partials  take  on  a  new  meaning.  Equations  (4-27) 
become: 


xoff,"  •  +  +  -  x0)cos6,  +  vfX 

y* “  V,  +  -  (xp  -  xo)sinQf  +  v/2 

and  cos  0r  and  sin  Qf  retain  the  same  meaning  given  in  Equation  (4-28). 
The  linearized  measurement  matrix  Hf  is  given  by: 


H. 


1  0  Hn  Hh  1  0  H„  0  Hi9 
0  1  Hn  Hi}  0  1  H21  0  H„ 


The  new  partials  of  /»[*,*]  are  given  by: 
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The  state  dimension  is  now  nine,  so  the  dimensions  of  the  matrices  in  Equation  (4-31)  change 
accordingly.  The  reader  should  keep  in  mind  that  only  two  FLIR  measr  -nents  are  brought  in 
at  this  update,  so  the  measurement  dimension  remains  at  two,  therefore,  the  corresponding 
measurement  noise  covariance  matrix  Rf  remains  the  same  as  in  the  eight-state  measurement 
update  developed  earlier. 


4.3.2  Doppler  Measurement  Model.  The  primary  objective  of  this  research  is  the  precise 
tracking  of  the  missile  hardbody  and  determination  of  its  center-of-mass  location  in  the  presence 
of  plume  pogo.  The  basic  premise  underlying  the  dynamics  modeling  efforts  is  that  the  center-of- 
mass  is  located  at  a  constant  offset  distance  relative  to  an  equilibrium  point  about  which  the 
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intensm  'entroid  oscillates.  The  offset  distance  is  oriented  angularly  using  the  filter-estimated 
velocity  j.  in  the  FLIR  image  plane  [8].  Figure  4.2  illustrates  the  geometry  of  estimating  the 
offset  distance  and  the  dependence  of  the  sea':  and  offset  computation  upon  the  filter’s  estimates 
of  the  position  and  velocity  of  the  intensity  centroid  immediately  after  the  FLIR  update.  (Note  that 
Figure  4.2  depicts  the  ideal  situation;  in  general,  the  filter  estimates  of  the  centroid  posidon, 
velocity,  and  the  orientadon  angle  are  not  equal  to  the  truth  model  values.)  Originating  at  the 
intensity  centroid’s  estimated  position,  a  low-energy  laser  is  scanned  along  the  estimated  velocity 
vector.  Ideally,  identification  of  reflections  from  the  hardbody  allow  determination  of  the  near 


and  far  end  of  the  missile,  so  the  center-of-mass  is  calculated  as  the  midpoint  between  the  two 
ends.  The  reflections  of  the  low-energy  scan  generate  a  measurement  of  the  offset  distance,  to 
be  utilized  as  aimpoint  information  for  the  high-energy  laser.  The  offset  measurement  delivered 
by  the  scan  is  a  function  of  the  constant  offset  plus  translation  of  the  centroid  from  its  equilibrium 
point  due  to  the  pogo  phenomenon.  Because  the  offset  was  only  modeled  in  the  AJFIT  elemental 
filter,  the  Doppler  offset  measurement  is  only  applicable  to  the  AFIT  software  simulations,  which 
used  the  nine-state  filter. 

The  previous  theses  [8,9,14]  uiuized  a  two- filter  approach  in  which  the  FLIR  filter  and 
center-of-mass  filter  functioned  autonomously;  the  FLIR  filter  had  no  knowledge  of  the  existence 
of  the  center-of-mass  filter.  Both  Eden  [8]  and  Evans  [9]  utilized  the  low-energy-laser  speckle 
return  of  the  hardbody/plume  interface  to  generate  measurements  for  the  center-of-mass  filter. 
Herrera  [14]  utilized  the  Doppler  spectra  in  the  laser  return  to  derive  successfully  a  more  accurate, 
unbiased,  offset  measurement,  but  still  maintained  the  same  basic  independent-filter  structure. 
Since  the  Doppler  measurement  model  used  for  this  research  was  developed  in  the  previous  thesis 
[14],  the  description  n  is  section  has  been  reproduced  with  some  revisions. 

The  Doppler  measurement  model  provides  a  measurement  based  upon  the  low-energy  laser 
Doppler  return  of  the  hardbody.  The  significant  dissimilarities  between  the  plume  and  hardbody- 
induced  Doppler  returns  can  be  exploded  to  discern  the  plume/hardbody  interface  (Section  3.3.3) 
precisely,  and  provide  information  regarding  the  location  of  the  hardbody.  The  low-energy  laser 
measurement  is  provided  to  the  Kalman  filter  whenever  the  laser  intercepts  the  hardbody,  and  the 
hardbody-induced  (and  plume-induced)  Doppler  return  is  received  by  Doppler  return  sensor 
equipment.  The  resulting  measurement  to  be  provided  to  the  filter  is  a  noise-corrupted  offset 
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distance  which  is  a  linear  function  of  filter's  offset  and  pogo  estimates.  The  measurement 
function  is  given  by: 

*  *9  -  *7  (4‘40) 

The  discrete-time  scalar  measurement  model  is  given  by: 

z(f,)  -  Hoxn(tt)  +  v,(t,)  (4-41) 

where 

z(t,)  =  measurement  of  the  offset  distance 

Hu  =  measurement  matrix 

xa(tf)  *  center-of-mass  offset  state 

vf(t,)  =  discrete-time,  white  Gaussian  measurement  noise  with 

statistics: 


H,=[0  0  0  0  0  0  -1  0  1  ]  (4-43) 

Since  the  measurement  is  linear,  the  linear  Kalman  filter  update  cycle  described  in  Section  2.2.2 
(Equations  (2-22)-(2-24))  is  used. 


In  some  instances,  the  low-energy  laser  sweep  may  be  unsuccessful  in  generating  a 
measurement,  either  due  to  missing  the  hardbody  because  of  poor  estimation  of  the  centroid 
location  and  velocity  vector  orientation,  or  due  to  poor  conditions  for  discerning  the  differences 
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in  Doppler  frequency  spectra  between  the  hard  body  and  plume.  If  a  measurement  is  not  generated 
bye  the  LEL  sweep,  the  LEL  update  is  skipped. 

4.3.3  Filter  Parameters.  This  section  provides  a  consolidated  reference  of  the  parameters 
used  in  the  AFIT  simulation.  Presented  below  are  definitions  of  the  modeling  parameters,  initial 
conditions,  and  tuning  parameters  for  the  nine-state  filter  employed  in  this  research. 

4. 3.3. 1  Initial  Conditions.  Since  initial  acquisition  characteristics  of  the  filter  have  been 
explored  in  the  past  [47],  emphasis  is  placed  upon  the  tracking  problem,  rather  than  acquisition 
and  tracking.  Thus,  taken  from  previous  research  [8,9,14],  the  filter  initial  state  estimate  x0  is 
artificially  initialized  to  zero  error  for  the  position,  velocity,  and  pogo  states  of  Equation  (4-1). 
The  position  states  xt  and  x2  are  initialized  on  the  true  center-of-mass  with  the  target  plume 
intensity  centroid  centered  in  the  FLIR  FOV.  The  velocity  states  x%  and  jc4  are  initialized  in 
accordance  with  the  target’s  initial  trajectory  conditions  as  defined  in  Section  3.4.1.  Both 
atmospheric  states  xs  and  x6  are  initialized  to  zero.  The  offset  oi  he  plume  from  its  equilibrium 
point  is  initialized  to  zero,  as  well  as  the  velocity  of  the  oscillation.  The  constant  distance 
between  the  equilibrium  point  and  the  center-of-mass  are  also  initialized  to  true  conditions  (87.5 
meters,  or  2.92  pixels). 

The  initial  state  covariance  matrix  P(t0)  is: 
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no 


10  0  0  0  00000 

0  10  0  0  00000 

0  0  2000  0  0  0  0  0  0 

0  0  0  2000  0  0  0  0  0 

00  0  0. 2  0000 

00  0  0  0. 2  000 

00  0  0  00  5  00 

00  0  0  000  2.5  0 

00  0  0  0000. 2 
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where  the  units  of  the  covariance  associated  with  the  position  states  xx  and  xit  the  atmospheric 
states  xs  and  x6,  the  pogo  position  state  xf,  and  the  offset  state  xot  are  pixels1,  and  those  of  the 
velocity  states  and  x4  and  the  pogo  velocity  state  vp  are  expressed  in  pixels2/seconds2  [9]. 


43.3.2  'uning  Values.  The  measurement  covariance  matrix  for  the  FLIR  Rfur  was 
established  empirically  in  past  research  [27,4  J].  Rfur  (with  units  of  pixels2)  is  given  by: 


'fur 


0.00363  0 

0  0.00598 


(4-45) 


The  measurement  variance  for  the  Doppler  measurement  RVjppIer ,  is  equal  to  the  true  measurement 
variance  and  is  a  function  of  the  low-energy  laser  wavelength,  SNR,  and  aperture  diameter  of  the 
transmitter.  The  filter  measurement  variance  is  carried  over  from  Herrera's  research  and  is  given 
by  [14]: 


^Doppler  ^1 


3k  y/SNR 


(4-46) 
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where 

RDoppi,r  «s  filter  measurement  variance 
R,  =  true  measurement  variance 
0fl  =  beam  diffraction  limit 
kp  =  pixel  proportionality  constant,  IS  pr  ads/pixel 
SNR  =  signal-to-noise  ratio;  10 

Both  atmospheric  variances  aj  and  ofl/  are  equal  to  0.2  pixels2  in  accordance  with  the 
truth  model  (Section  3.2.2)[9].  The  process  noise  strength  for  the  pogo  state  is  dependent  upon 
the  desired  rms  amplitude  of  the  pogo  oscillation  ap  [40].  The  filter  pogo  gain  constant  Kp[  is 
initially  set  equal  to  the  truth  pogo  gain  constant  Kp  (Section  3.2.4,  Equation  (3-38))  and  then 
adjusted  if  necessary  while  leaving  the  truth  noise  strength  constant.  Nominal  rms  pogo  amplitude 
for  this  research  was  carried  over  from  Rizzo's  research  and  set  to  ap  =  .112  pixels2  at  a 
frequency  of  cop  =  1  Hz.  The  offset  state  dynamics  noise  variance  Quo  is  equal  to  0.7  pixels2, 
based  upon  Evans’  research  [9].  The  probability  of  miss  for  the  Doppler  measurement  model  was 
set  at  0.01  (see  Section  3.3.3.4). 

4.4  Summary 

This  chapter  presented  die  dynamics  models  associated  with  the  states  incorporated  into 
the  various  filters  tested  in  this  thesis.  The  dynamics  model  was  presented  in  this  fashion  to 
enable  the  reader  to  determine  the  distinct  model  used  for  each  filter  discussed  in  the  next  chapter. 
The  measurement  models  for  both  the  FLIR  and  Doppler  measurements  were  also  introduced. 
The  Kalman  filter  accepts  pseudo-measurements  generated  by  the  enhanced  correlator  algorithm 
after  processing  the  raw  FUR  data.  The  update  is  implemented  through  use  of  the  extended 
Kalman  filter  update  cycle,  since  the  pseudo-measurements  are  nonlinear  in  the  state  vector. 
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Measurement  updates  for  both  the  MSOFE  filter  models  and  the  AFIT  model  were  discussed. 
Section  4.3.2  explained  how  the  AFIT  filter  perform*,  an  additional  linear  update  when  the 
Doppler  return  measurement  is  made  available.  Finally,  a  summary  of  the  initial  conditions  and 
tuning  parameters  was  presented. 
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V.  Observability  Graman  and  MSOFE  Analysis 


5.1  Introduction 

This  chapter  presents  the  procedures  followed  for  performing  tbe  observability  studies 
referenced  in  the  objectives  in  Chapter  I.  The  rationale  and  a  brief  theoretical  description  of  the 
analysis  methods  used  are  discussed  in  addition  to  the  results  obtained.  The  next  section  of  this 
chapter  enumerates  the  filters  simulated  and  analyzed  in  MSOFE.  The  structure  of  each  filter  is 
introduced  and  a  justification  for  its  analysis  is  provided.  Finally,  the  results  of  the  Monte  Carlo 
simulations  in  MSOFE  will  be  presented  for  each  filter  configuration.  The  conclusions  resulting 
from  the  stochastic  observability  tests  and  MSOFE  Monte  Carlo  analysis  will  be  presented  in  this 
chapter  and  summarized  again  in  Chapter  VII,  along  with  the  associated  recommendations  arising 
from  the  analyses. 

None  of  the  filter  structures  analyzed  in  this  chapter  include  the  LEL  measurements. 
Since  the  principal  intent  of  both  the  stochastic  observability  tests  and  the  MSOFE  analysis  was 
to  assist  in  verifying  some  of  the  difficulties  Rizzo  identified,  the  same  types  of  models  were  used 
(and  none  of  Rizzo’s  models  included  LEL  measurements).  Therefore,  the  offset  state  is  not 
included  in  any  of  the  models.  In  these  instances,  one  would  expect  to  find  observability 
problems  (especially  on  offset  and  pogo  and  possibly  jitter).  On  the  other  hand,  inclusion  of  the 
third  measurement,  as  in  the  elemental  filter  discussed  in  the  next  chapter,  lends  insight  directly 
into  the  offset  and  pogo  states  and  one  would  expect  observability  to  improve  in  the  offset,  pogo, 
and  possibly  the  jitter  states.  An  equivalent  set  of  observability  tests  would  have  to  be 
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accomplished  on  the  augmented  filter  structure  with  the  third  measurement  to  verify  any 
improvement. 

5.2  Stochastic  Observability  Tests 

This  section  will  present  the  procedures  followed  for  performing  the  stochastic 
observability  analyses  First,  a  brief  review  of  why  these  studies  were  initiated  is  outlined.  Next, 
a  brief  explanation  of  the  mathematical  theory  is  included,  followed  by  a  description  of  the  filters 
analyzed  and  the  results  obtained.  Conclusions  from  the  findings  complete  this  section. 

5.2.1  Background  Review.  During  the  course  of  his  research,  Rizzo  discovered  a  number 
of  estimation  problems  with  the  simulations  in  the  AFIT  software  [40].  He  tested  two  different 
versions  of  the  elemental  filter.  The  first  included  eight  states:  six  target  dynamics  states 
(position,  velocity,  acceleration  along  the  FLIR  plane  axes),  and  two  atmospheric  jitter  states.  His 
second  filter  included  the  same  eight  states  plus  the  two-state  pogo  model  used  in  this  thesis.  He 
found  that,  contrary  to  expectations,  inclusion  of  the  pogo  model  in  the  filter  degraded  overall 
performance  of  the  Kalman  filter.  He  formulated  several  hypotheses  to  explain  the  finding,  most 
of  them  based  on  the  fact  that  the  pogo  model  may  be  interacting  with  other  states  in  the  filter 
model.  In  his  research  to  determine  whether  this  was  the  case,  he  discovered  that  the  atmospheric 
jitter  model  embedded  in  the  Kalman  filter  was  not  performing  as  well  as  previously  expected. 
In  addition,  his  results  indicated  that  there  was  probable  interaction  occurring  between  the  pogo 
states  and  the  jitter  states  that  resulted  in  the  degradation  in  performance  of  the  10-state  filter 
compared  to  the  8-state  filter.  For  this  reason,  he  recommended  that  the  plume  pogo  dynamics 
states  be  removed  from  the  filter  model  until  further  studies  could  verify  the  interaction  and  a 
possible  solution  found. 
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During  his  thesis  research,  Rizzo  also  performed  a  stochastic  observability  test  to  gain 
insight  into  the  relative  observability  of  the  states  in  his  10-state  filter  model  [40],  He  concluded 
that  the  filter  contained  a  maximum  of  five  states  that  were  unobservable  or  only  weakly 
observable  in  the  output.  Those  states  included  the  velocity  and  acceleration  states  characterizing 
the  dynamics,  and  the  pogo  velocity  state.  This  is  a  reasonable  conclusion,  since  acceleration  and 
velocity  are  not  directly  measured  and  would  be  more  difficult  to  estimate  in  the  chosen  model. 
Because  of  the  relatively  benign  trajectory  being  simulated  for  the  ballistic  missile,  and  the 
difficulty  of  estimating  the  acceleration  states,  Rizzo  recommended  that  the  target  dynamics  model 
be  changed  to  a  second-order  shaping  filter  driven  by  white,  Gaussian  noise,  along  each  axis  (as 
opposed  to  the  third-order  model  that  included  acceleration). 

The  recommendations  made  by  Rizzo  were  implemented  in  the  succeeding  three  theses 
[8,9,14],  and  the  elemental  FLIR  filter  that  was  used  consisted  of  six  states:  four  target  dynamics 
states  and  two  atmospheric  jitter  states.  The  velocity  states  were  modeled  as  first-order  lag  filters 
driven  by  white,  Gaussian  noise.  The  simulations  from  the  last  three  theses  indicate  that  there  is 
still  a  problem  with  estimating  the  atmospheric  jitter  states;  specifically,  the  mean  errors  at  (f,+/) 
are  much  greater  than  the  mean  errors  at  (t*).  Therefore,  the  author  was  motivated  to  perform 
another  series  of  stochastic  observability  tests  on  a  series  of  filters  with  differing  structures  using 
the  new  target  dynamics  model  (with  no  acceleration  states)  and  comparing  the  results  to  tests 
with  the  original  six-state  target  dynamics  model.  In  addition,  it  was  deemed  useful  to  revisit 
filter  structures  that  included  the  pogo  states  to  gain  further  insight  into  how  they  may  be  affected 
(or  not  affected)  by  the  modeling  of  the  target  dynamics  and/or  atmospheric  jitter  states. 
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For  the  MSOFE  and  AFTT  elemental  filter  analyses,  the  target  dynamics  model  was 
changed  from  v  =  -1/,  v  +  w  to  v  =  0  +  w,  to  allow  for  constant  velocity  paths  better  than  those 
whose  mean  values  would  tend  to  decay  toward  zero  over  each  propagation  (as  in  the  original  six 
state  model).  Since  this  study  was  originally  implemented  to  discover  observability  problems  with 
the  six  state  "FLIR  filter"  used  by  the  previous  three  theses,  that  was  the  model  studied.  In  the 
future,  it  would  be  useful  to  apply  the  same  observability  tests  to  the  constant  velocity  models 
used  later  in  this  research. 

5.2.2  The  Stochastic  Observability  Test.  If  a  stable,  discrete-time  dynamics/discrete-time 
measurement  system  of  order  n  can  be  described  by  Equations  (2-9)-(2-17),  then  the  observability 
gramian  matrix  can  be  expressed  as  [21]: 

md(o,n)  a  'E<t>TmHrwmm  Q-v 

I- 1 

The  discrete-time  system  is  completely  observable  if  and  only  if  any  of  the  following  criteria  are 
met:  (1)  the  null  space  of  the  n  x  n  matrix  MD  is  0€.R"  for  some  finite  N,  (2)  MD  is  nonsingular, 
i.e.,  invertible,  (3)  M0  is  positive  definite,  (4)  the  determinant  of  MD  is  nonzero  [21].  If  MD  is 
of  rank  k<n,  then  it  is  said  that  there  are  (n  -  k)  "unobservable  states"  in  the  model. 

In  order  to  gain  some  insight  into  the  "relative  observability"  of  the  states,  the  magnitudes 
of  the  eigenvalues  of  MD  may  be  inspected.  Theoretically,  none  of  the  eigenvalues  should  be 
negative,  all  should  be  real-valued,  and  there  are  as  many  unobservable  states  as  there  are  zero 
eigenvalues.  If  any  eigenvalue  associated  with  a  state  is  several  orders  of  magnitude  smaller  than 
the  other  eigenvalues,  that  is  an  indication  that  the  state  is  difficult  to  observe. 
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The  observability  gramian  matrix  and  its  eigenvalues  were  evaluated  using  the  discrete 
Lyapunov  equation  solver  in  a  controls  design  software  packages  called  MATRIXx  [15].  The 
software  was  installed  on  a  SPARC  II  workstation  and  utilized  double  precision  numbers  for  all 
calculations.  For  independent  verification  of  the  results  gained  from  MATRIXx,  the  equivalent 
functions  on  an  alternate  software  package  called  MatLab  [46]  were  used.  Both  sets  of  tests 
yielded  the  same  results.  The  next  section  presents  the  outcomes  of  the  stochastic  observability 
tests  and  the  resulting  conclusions. 

5.2.3  Observability  Test  Results  and  Conclusions.  The  objectives  in  Chapter  I  outlined 
six  different  filter  structures  which  were  to  be  subjected  to  the  stochastic  observability  condition. 
The  structure  of  each  filter  is  listed  in  Table  5.1.  Each  filter  was  to  be  analyzed  with  a  known, 
constant  target  angle  6  relative  to  the  FLER  x-axis  (set  to  45  degrees  or  rc/4  radians)  and  with  a 
general  angle  derived  from  the  velocity  vector  (as  was  done  in  the  simulations).  Recall  the 
definition  of  the  measurement  matrix  Hf  (Equation  4-32)  used  in  the  measurement  equations.  In 
the  constant  velocity/constant  angle  case,  the  nonlinear  elements  defined  in  Equation  (4-33)  that 


Table  5.1  Filter  States  for  Stochastic  Observability  Tests 


Filter 

xjy, 

vjvy 

ajay 

Atmosphere 

yv„ 

Total  States 

A 

2 

2 

2 

6 

- 

12 

B 

2 

2 

2 

2 

- 

8 

C 

2 

2 

- 

6 

- 

10 

D 

2 

2 

- 

2 

- 

6 

E 

2 

2 

- 

2 

2 

8 

F 

2 

2 

2 

2 

2 

10 
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are  associated  with  the  velocity  states  become  zero.  The  nonlinear  terms  associated  with  the  pogo 
state  (Hl7  and  H27 )  become  constants.  Therefore,  for  the  known  constant  angle  cases,  the  linear 
Kalman  filter  update  equations  are  used.  For  the  general  angle  case,  the  extended  Kalman  filter 
update  equations  are  used  with  the  nonlinear  measurement  function  kf[x,t]  and  the  Hf  defined  as 
in  Equation  (4-33)  (i.e.,  the  nonlinear  teims  are  included). 

For  the  case  with  the  known  constant  angle  6,  the  stochastic  observability  tests  yielded 
inconclusive  results.  The  observability  gramian  matrix  for  all  structures  was  found  to  be  close 
to  singular  or  badly  scaled.  Inspection  of  the  elements  of  the  matrices  showed  that  the  magnitudes 
varied  by  over  60  orders  of  magnitude  with  individual  elements  ranging  from  orders  of  10'23  to 
1044.  Of  course,  these  eigenvalues  that  were  many  orders  of  magnitude  smaller  than  the  largest 
eigenvalues  could  be  deemed  essentially  zero,  indicating  unobservable  or  essentially  unobservable 
states.  Moreover,  some  of  the  eigenvalues  calculated  were  either  negative  or  complex.  These 
erroneous  results  are  most  likely  the  due  to  ill-conditioned  matrices,  causing  numerical  precision 
difficulties  with  the  software  and  hardware.  It  should  be  reiterated  that  all  calculations  were  done 
in  double  precision  (64-bit),  which  was  the  only  avenue  available  to  the  author  for  avoiding  such 
numerics  problems.  These  first  set  of  inconclusive  results  were  obtained  using  the  original  sample 
period  of  Ar=l/30  seconds.  The  filters  were  also  analyzed  with  the  reduced  sample  period  of  1/60 
seconds  to  determine  if  there  was  any  improvement  in  the  scaling,  but  results  were  similarly 
inconclusive. 

Since  the  numerical  difficulties  were  thought  to  be  a  result  of  the  large  difference  in  orders 
of  magnitudes  of  elements  of  <1>  associated  with  the  different  states,  it  was  a  reasonable  deduction 
that  transforming  the  system  with  a  scaling  matrix  before  applying  the  observability  test  might 
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yield  better  results.  Several  combinations  of  scaling  matrices  were  applied  and  the  observability 
gramian  MD  and  its  eigenvalues  calculated  for  each.  Through  use  of  the  scaling  matrix,  the  order 
of  magnitude  variation  for  the  diagonal  elements  of  MD  for  some  of  the  filters  was  reduced  to 
about  20  (1020  variation).  The  associated  eigenvalues  for  such  cases  were  all  positive  and  real, 
but  showed  similar  large  differences  in  orders  of  magnitude.  It  was  hoped  that  groupings  of 
eigenvalues,  some  large  and  others  many  orders  of  magnitude  smaller,  would  provide  some  insight 
into  unobservable  or  weakly  observable  states,  since  the  eigenvalues  in  the  smallest  groups  can 
be  declared  essentially  zero.  However,  as  emphasized  before,  even  the  groupings  resulting  from 
use  of  the  scaling  matrix  varied  so  extensively  in  magnitude  (beyond  the  precision  of  the  machine 
implementing  the  test),  that  it  would  probably  be  overly  speculative  to  mak**  any  definite 
conclusions.  Therefore,  these  results  were  also  considered  inconclusive. 

Because  the  observability  issues  were  unresolvable  for  the  known,  constant  0  angle  case, 
no  attempt  was  made  to  subject  the  filters  to  the  observability  conditions  for  the  general  angle-of- 
attack  case.  Because  of  the  insurmountable  numerical  precision  problems,  the  only  other  way  to 
gain  insight  into  the  observability  of  the  states  is  to  analyze  the  statistics  of  Monte  Carlo 
simulations.  If  better  hardware  and/or  software  are  made  available  to  researchers  in  the  future, 
it  may  be  beneficial  to  attempt  the  stochastic  observability  studies  again. 

5.3  MSOFE  Monte  Carlo  Analysis 

The  Multimode  Simulation  for  Optimal  Filter  Evaluation  (MSOFE)  program  [6]  is  a 
package  coded  in  the  FORTRAN  software  ige,  that  can  perform  both  covariance  and  Monte 
Carlo  analyses  on  single  linear  te.  ided  Ka  filters.  The  code  is  self-documented  and 
constructed  in  a  modular  form  su  Ui.it  ihe  min  ^  .u..,  and  filter  models  are  programmed  in 
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subroutines  accessible  to  the  user.  The  core  program  that  performs  the  analysis  is  in  a  separate 
package  and,  for  this  research,  was  not  altered.  The  initial  conditions  and  tuning  values  for  the 
truth  and  system  filters  are  contained  1  \  data  input  file,  enabling  runs  to  be  performed  without 
re-compiling  and  linking  the  code.  MSOFE  produces  data  listings  which  are  processed  through 
another  program  called  MPLOT,  which  produces  data  flies  compatible  with  numerous  different 
plotting  programs.  The  plots  appealing  in  this  thesis  were  produced  using  MATRIX,  [IS]. 

A  considerable  amount  of  time  was  spent  becoming  familiar  with  MSOFE  and  creating 
and  debugging  the  continuous-time  truth  and  filter  models  in  the  code.  Now  that  the  basic  models 
have  been  established,  continued  research  on  with  this  package  should  be  somewhat  simplified 
since  only  slight  modifications  to  the  analysis  proc' ueed  be  made.  This  section  presents  the 
procedures  used  for  analyzing  the  filters  using  MSOFE  and  the  results  obtained  from  that  analysis. 

Since  any  explicit  conclusions  drawn  from  the  stochastic  observability  studies  would  be 
speculative,  it  was  anticipated  that  analysis  of  some  of  the  same  filter  structures  through  Monte 
Carlo  simulation  may  prove  more  fruitful.  The  primary  objective  of  the  analysis  was  two-fold: 
first  to  investigate  the  estimatability  of  the  atmospheric  jitter  and  plume  pogo;  and  to  determine 
if  there  were  any  degrading  affects  caused  by  interaction  of  the  atmospheric  jitter  and  pogo  states. 
Another  reason  was  to  check  out  the  filter  performance  independently  of  the  "AFIT  software"  to 
ensure  that  performance  attributes  (e.g.,  poor  jitter  estimation  at  ti+l  vs.  good  estimation  at  r,+ ) 
were  really  inherent  in  the  problem  and  not  due  to  some  quirk  in  the  simulation  (especially  of  the 
truth  model)  in  the  "AFIT  software".  For  these  reasons,  the  emphasis  of  the  analysis  presented 
in  this  section  has  been  placed  in  those  areas.  Also,  because  of  the  unforeseen  time  expended  in 
the  familiarization  and  debugging  process,  the  number  of  filter  configurations  originally 
established  for  analysis  in  the  objectives  (see  Table  1.2)  was  reduced  to  the  ones  which  the  author 
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felt  would  yield  the  most  insight  into  the  estimatabillty  of  jitter  and  plume  pogo  and  assist  in 
analyzing  the  performance  of  the  elemental  filter.  This  section  describes  the  results  of  the  10-run 
Monte  Carlo  analysis  performed  using  MSOFE.  Appendix  A-c^  mains  a  brief  discussion  of  how 
the  statistics  in  this  chapter  and  the  next  were  calculated. 

5.3.1  MSOFE  Filter  Configurations.  Table  5.2  shows  the  subset  of  the  system/filter 
combinations  enumerated  in  Table  1.2,  which  were  subjected  to  Monte  Carlo  analysis  with 
MSOFE.  Note  that,  as  mentioned  in  the  chapter’s  introduction,  the  LEL  measurement  is  not 
incorporated  into  any  of  the  models  and  therefore  the  offset  state  is  not  included.  Engineering 
intuition  and  past  experience  (especially  Rizzo’s  results  [40])  lead  one  to  anticipate  observability 
problems  without  the  LEL  measurements.  It  is  anticipated  that  inclusion  of  the  LEL 
measurements  should  assist  the  filter  in  estimating  the  more  weakly  observable  states. 


Table  5.2  Filter/Truth  Model  Combinations  Analyzed  with  MSOFE 


TRUTH  MODEL 

FILTER  MODEL  | 

SIM 

N 

DYN 

POGO 

ACCEL 

JITTER 

JITTER 

DYN 

POGO 

21 

6 

mm 

2 

mm 

a 

KB 

6 

a 

2 

2 

4 

6 

rm 

6 

n 

2 

4 

2 

6 

wm 

8 

4 

2 

2 

wm 

II 

a 

|  8U 

8 

a 

2 

2 

mm 

s 

6 

EM 

8 

4 

2 

2 

2 

mm 

6 

102 

8 

D 

2 

2 

2 

4 

2 

8 

Notes:  1.  Filter  structure  does  not  match  truth  model. 

2.  Analysis  performed  for  both  known  constant  and  general  angle  cases. 
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Combinations  1,  3  and  5  from  Table  1.2  were  not  analyzed  because  the  filter  contained 
states  (pogo)  that  were  not  included  in  the  truth  system.  The  last  iix  combinations  fror  Table 
1.2  were  not  analyzed  because  they  contained  acceleration  states  in  the  truth  model.  Since  the 
intention  was  to  use  the  MSOFE  analysis  as  a  stepping  stone  to  analysis  of  the  elemental  filter, 
which  did  not  contain  acceleration  states  modeled  in  the  dynamics,  those  runs  were  consideied 
to  be  of  low  priority.  Table  5.2  shows  that  4  different  filters  were  tested  against  three  different 
truth  models.  All  seven  combinations  in  the  table  were  tested  with  a  deterministic  constant  angle 
between  the  velocity  vector  and  the  positive  FUR  >axis  (0,  =  60°).  The  simulations  6,  8  and 
10  in  Table  5.2  were  also  analyzed  with  the  general  angle  model  in  the  filter.  (Recall  that  the 
difference  is  in  the  update  model,  which  becomes  linear  for  a  constant  known  angle  0/(  but 
nonlinear  for  a  general  angle,  defined  in  terms  of  the  filter  estimated  velocities  v,  and  vy ,  which 
breaks  the  pogo  into  the  FLIR  axes  x  and  y  components;  recall  section  4.3. 1.3.) 

Six  different  pogo  conditions  were  also  considered  for  study  to  determine  whether  the 
magnitude  or  frequency  of  the  pogo  oscillation  affected  estimatability  of  the  pogo  and/or 
atmospheric  jitter.  Tae  conditions  are  listed  in  Table  5.3.  Since  simulation  number  10  of 
Table  5.2  most  closely  approximated  the  simulation  in  the  AFIT  software,  only  that  filter  was 
analyzed  under  all  six  pogo  conditions.  Pogo  condition  four,  considered  nominal  for  MSOFE 
analysis,  was  simulated  in  the  truth  and  filter  models  for  the  Filters  analyzed  with  the  known 
constant  angle  Qf  (as  denoted  by  Note  2  in  Table  5  2). 

In  the  MSOFE  Monte  Carlo  simulations,  as  with  the  elemental  filter  evaluations  of  the 
next  chapter,  the  simulation  coordinates  are  in  terms  of  the  FLIR  plane.  The  filter  states  were 
initialized  to  the  true  conditions  in  order  to  study  tracking  performance  (as  opposed  to  acquisition 
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Table  5.3  Pogo  Conditions  for  Nonlinear  Filter  Analysis 


Pogo 

Condition 

Frequency 

(Hz) 

apJ  . 

(pixels2) 

Gain  Constant 
KPf 

Initial 

Pogo 

Covariance 

1 

0.1 

0.067 

0.03780 

4.489e-3 

2 

0.1 

0.670 

0.37800 

4.489e-l 

3 

1.0 

0.067 

0.01195 

4,489e-3 

4 

1.0 

0.670 

0.11950 

4.489e-l 

5 

10 

0.067 

0.00378 

4.489e-3 

6 

10 

0.670 

0.03780 

4.489e-l 

performance  from  poor  initial  conditions).  Based  on  a  nominal  velocity  of  2700  meters/second 
over  the  10-second  Monte  Carlo  simulation  at  an  initial  velocity  angle  of  60°,  the  component 
velocities  were  initialized  to  v,  =  450  pixels/second  and  vy  =  -779.4  pixels/second.  All  other 
initial  state  conditions  were  established  at  zero.  The  variance  for  the  atmospheric  jitter  process 
in  both  FLIR  plane  directions  was  a3  =  0.2  pixels2,  the  same  as  in  the  elemental  filter.  Unlike 
the  elemental  f!Her  simulation,  the  measurement  noise  covariance  is  considered  equal  in  both  axes 
(as  might  be  expected  in  a  more  modern  FLIR  pixel  array).  The  measurement  noise  variance  Rf 
(with  units  of  pixels2)  associated  with  sensor  noises  was: 

R  _  0.00436  0  (5-2) 

f  ~  [  0  0.00436 

Nominal  range  was  set  at  200  Km  and  the  same  pixel  proportionality  constant  kp  =  15  prad/pixel 
was  used.  The  choice  of  a  decreased  value  for  the  nominal  range  was  to  reflect  a  scenario  similar 
to  the  actual  scenarios  anticipated  by  the  sponsor  at  the  Phillips  Laboratory  [4,5].  The  intention 
was  eventually  to  modify  the  simulations  in  the  AFIT  software  to  reflea  similar  scenarios. 
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5.3.2  Monte  Carlo  Analysis  Results.  Since  sensitivity  analysis  using  MSOFE  was  not 
intended  to  be  exhaustive,  but  only  to  provide  insights  into  obvious  filter  performance  deficiencies 
and  ‘ate  estimation  interrelationships,  this  section  will  not  list  exact  statistics  for  individual  runs. 
Also,  to  avoid  redundancy  of  detailed  observations  (many  simulations  yielded  nearly  identical 
results),  it  will  discuss  the  general  observations  resulting  from  inspection  of  the  plots  obtained 
from  the  simulations. 

Sample  plots  that  show  specific  features  emphasized  in  the  discussion  are  contained  in 
Appendix  B.  Figure  B.l  is  a  typical  sample  of  the  plots  produced  from  a  simulation.  The  top 
plot,  Figure  E.l(a),  shows  a  direct  comparison  of  the  ensemble  average  truth  state  and  ensemble 
average  filter  estimated  state  (averaged  over  10  runs).  The  solid  line  represents  the  truth  and  the 
line  of  evenly  spaced  dashes  represents  the  filter  estimate.  The  bottom  plot.  Figure  B.  1(b),  shows 
a  comparison  of  the  statistics  calculated  for  the  system  and  the  filter  over  10  runs.  The  solid  line 
denotes  the  mean  error  (ensemble  average  of  filter  estimate  minus  true  value).  The  evenly  spaced 
dash  lines  are  the  mean  filter-computed  state  error  standard  deviation.  The  dotted  lines  denote 
the  mean  plus  and  minus  one  standard  deviation  calculated  from  actual  errors.  Good  tuning  is 
indicated  by  0  ±  of  enveloping  the  mean  ±  o  of  the  actual  errors  calculated  from  the  Monte  Carlo 
analysis.  The  plots  for  the  simulations  discussed  in  Section  5.3.2  are  contained  in  Appendices  C 
and  D. 


5. 3. 2.1  Linear  Filter  (Constant  Qf)  vs  Nonlinear  Filter.  As  previously  mentioned, 
configuration  numbers  6,  8  and  10  in  Table  5.2  were  analyzed  with  nominal  pogo  conditions  for 
both  a  general  and  constant  angle.  Inspection  of  the  plots  for  all  three  simulations  showed 
virtually  no  differences  between  the  general  angle  and  constant  angle.  These  identical  results 
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verify  the  correctness  of  the  extended  Kalman  filter  update  cycle  used  for  the  nonlinear,  general 
angle  case.  The  identical  results  also  indicate  that  the  three  nonlinear  filter  configurations  estimate 
the  velocity  angle  0/  very  well.  Note  that  such  accurate  angle  estimation  is  not  necessarily  an 
indication  of  how  well  the  individual  velocity  states  are  estimated,  but  is  a  reflection  of  the  ratio 
of  the  estimated  velocity  states,  since  the  angle  6/  is  a  function  of  that  ratio.  With  the  exception 
of  the  analysis  dealing  with  different  pogo  conditions,  all  of  the  following  results  and  conclusions 
were  drawn  from  comparison  of  the  linear  Kalman  filters. 

5. 3. 2.2  Position  Accuracy.  The  most  accurate  filter  estimation  occurred  when  both  the 
truth  and  filter  system  did  not  contain  atmospheric  jitter  states  and  matched  each  other  in  structure. 
Simulation  six  demonstrated  the  highest  position  estimation  accuracy  (0  mean  errors,  lo  »  0.04 
pixels).  The  filter  was  well  tuned  in  all  states.  These  results  were  expected  and  serve  as  a  good 
baseline  for  filter  performance  against  a  real  world  without  jitter.  This  is  not  realistic,  but  leads 
to  the  conclusion  that,  because  estimation  of  pogo  was  fairly  accurate  (zero  mean,  a  »  0.04 
pixels),  the  pogo  model  is  sound  and  the  pogo  tates  are  estimatable. 

The  most  accurate  filters  when  atmospheric  jitter  was  simulated  in  the  real  world,  were 
the  filter  models  in  simulations  4  and  10.  In  these  simulations,  the  filters  are  well  tuned  in  all 
states  and  deliver  equivalent  accuracies  with  zero  mean  errors  and  o  «  0.18  pixels.  In  both 
simulations,  die  high  accuracy  would  be  expected  since  the  filter  structure  matches  the  truth 
model  However,  simulation  10  includes  pogo  states  and  simulation  4  does  not.  Analysis  of 
simulation  nine  also  indicates  equivalent  position  accuracy,  despite  the  fact  that  the  truth  model 
simulates  plume  pogo  but  the  filter  does  not  estimate  it.  Apparendy,  the  errors  due  to  the  pogo 
phenomenon  are  attributed  to  atmospheric  jitter  and  appropriately  compensated  by  the  fdter. 
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5.3.2  3  Atmospheric  Jitter  Estimation .  Comparison  of  the  simulation  data  shows  that 
atmospheric  jitter  is  the  dominant  effect  on  filter  accuracy.  All  filter  structures  that  didn’t  include 
jitter  when  the  truth  model  did  (simulations  2,  7  and  8),  drastically  underestimated  their  own 
errors  and  demonstrated  poor  accuracy  relative  to  filters  that  estimated  jitter.  Errors  were  zero 
mean,  but  standard  deviations  were  twice  as  large  (o  «  0.3  to  0.4  pixels).  Since  total  real  jitter 
has  cr„2  *  0.2,  or  oa  m  0.43,  standard  deviations  of  such  a  magnitude  indicate  large  estimation 
errors.  In  all  three  simulations,  the  filter  attempted  to  compensate  for  unmodeled  jitter  errors  by 
overestimating  changes  in  velocity  (all  three  cases)  and  overestimating  pogo  oscillation  magnitude 
(simulation  8).  Again,  inclusion  of  pogo  in  either  the  truth  model,  the  filter  model,  or  both  did 
not  noticeably  affect  overall  position  errors.  No  effort  was  made  to  tune  the  filters  since  that  was 
not  the  purpose  of  this  exercise.  With  tuning,  one  could  get  more  correct  indications  of  trends, 
but  not  including  jitter  states  in  the  filter  is  not  a  good  idea. 

When  properly  tuned,  the  filter  was  able  to  estimate  jitter  existing  in  the  truth  model  with 
zero  mean  errors  and  o  «  .23  (see  simulations  4, 9,  or  10).  The  plots  of  the  jitter  statistics  show 
that  filter-computed  eiror  estimates  at  (f,+/  )(o  »  0.30)  are  still  greater  than  filter-computed  error 
standard  deviations  at  (r,+  )(a  *  0.20)  by  a  factor  of  about  0,5.  This  is  similar  to  the  estimation 
problem  found  by  Rizzo  [40],  but  not  nearly  to  the  same  extent.  Rizzo  observed  factors  as  high 
as  several  orders  of  magnitude  [24].  This  discrepancy  between  the  MSOFE  and  AFIT  software 
should  be  resolved.  The  filter  does  benefit  by  including  the  jitter  states,  since  the  uncertainty  in 
position  caused  by  the  jitter  process  itself  is  0.4472  pixels.  By  including  the  jitter  states,  the  filter 
can  decrease  the  uncertainty  in  position  by  about  one  half. 
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532,4  Flume  Pogo  Estimation.  All  of  the  MSOFE  simulations  Indicated  that  the  pogo 
phenomenon  is  not  inherently  difficult  to  estimate.  Simulation  6  showed  that  if  it  is  the  only 
disturbance  on  the  centroid  position  (other  than  target  dynamics),  it  is  easy  to  estimate. 
Simulation  9  showed  that  the  filter  is  robust  enough  to  compensate  for  errors  due  to  pogo  by 
attributing  them  to  jitter.  However,  simulation  8  showed  that  the  converse  is  not  true;  inclusion 
of  pogo  states  cannot  compensate  for  the  existence  of  atmospheric  jitter.  Simulation  7  showed 
that  performance  is  very  poor  if  neither  jitter  nor  pogo  are  included  in  the  filter  model. 

Inspection  of  the  pogo  state  plots  from  simulation  eight  show  that  the  filter  attempts  to 
compensate  for  errors  due  to  lack  of  jitter  estimation  in  its  structure  by  increasing  the  pogo 
oscillation  magnitude.  Since  the  power  spectra  of  pogo  and  atmospheric  jitter  processes  are 
different  (specifically,  jitter  has  a  higher  break  frequency  than  pogo  and  can  appear  almost  white 
in  comparison  to  pogo,  which  shows  a  resonant  power  spectral  density  peak  around  its  undamped 
natural  frequency)  all  that  increasing  the  estimated  magnitude  serves  to  accomplish  is  to  degrade 
pogo  estimation.  Resulting  position  accuracy  is  not  improved.  It  was  felt  that  tuning  the  filter 
(varying  the  dynamics  noise  and/or  measurement  noise  used  for  the  filter  model)  may  assist  in 
improving  the  pogo  estimation  accuracy.  A  scaling  factor  was  applied  to  the  pogo  process  noise 
strength  in  the  filter  (which  was  established  to  the  same  value  as  the  truth  model)  to  determine 
whether  better  tuning  would  reduce  the  mean  standard  deviation  of  actual  errors.  It  was  found 
that  the  best  scaling  factor  to  use  was  unity  (i.e.  tell  the  filter  what  true  conditions  are), 

5323  Plume  Pogo! Atmospheric  Jitter  Interaction.  The  preceding  analysis  shows  that 
pogo  is  less  difficult  to  estimate  than  jitter.  In  fact,  the  presence  of  the  jitter  model  seems  to  be 
the  dominating  factor  in  how  accurately  the  filter  estimates  position.  If  the  filter  model  includes 
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jitter  estimation,  the  limiting  factor  on  position  accuracy  is  directly  dependant  on  how  well  jitter 
is  estimated.  Analysis  does  not  indicate  that  there  is  any  mqjor  degrading  type  of  interaction 
between  the  pogo  and  jitter  models.  Atmospheric  jitter  estimation  accuracy  did  not  degrade  when 
the  pogo  model  was  introduced  (simulations  4  and  9  vs  simulation  10).  On  the  other  hand,  pogo 
estimation  improved  when  the  atmospheric  jitter  states  were  added  to  the  filter  (simulations  6  and 
8  vs  simulation  10). 

5.32.6  Sensitivity  to  Different  Plume  Pogo  Conditions.  This  subsection  presents 
observations  based  on  analysis  of  the  nonlinear  eight-state  filter  used  in  simulation  10  from 
Table  5.2.  A  ten-run  Monte  Carlo  analysis  was  performed  on  the  filter  for  each  of  the  six  pogo 
conditions  listed  in  Table  5.3.  In  each  case,  the  filter  was  tuned  for  the  proper  pogo  conditions. 
Inspection  of  the  plots  in  Appendix  D  shows  that  all  the  mean  errors  in  the  position  states  were 
approximately  zero.  The  runs  for  pogo  conditions  1  and  3  show  that  the  x  position  mean  error 
may  be  slightly  negative  (on  the  order  of  -0.04  pixels),  but  this  could  be  a  reflection  of  an 
insufficient  number  of  Monte  Carlo  runs.  Under  all  pogo  conditions  except  number  2,  the  x  and 
y  position  errors  were  the  same:  zero  mean,  filter-computed  standard  deviation  lo  m  0.19  pixels, 
actual  standard  deviation  lo  »  0.19  pixels.  In  other  words,  the  filters  appear  to  be  well  tuned. 
Pogo  condition  2  is  the  exception.  Position  errors  were  zero  mean  and  the  filter  was  well  tuned, 
but  la  for  x-axis  errors  was  about  0.34  pixels  and  la  for  y-axis  errors  was  about  0.53  pixels. 
This  implies  that  slow  oscillations  of  large  magnitude  are  the  most  difficult  to  estimate. 

As  with  position  accuracy,  estimation  of  atmospheric  jitter  was  the  same  for  all  pogo 
conditions.  Atmospheric  jitter  mean  estimation  error  was  zero,  with  filter-computed  error  and 
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actual  standard  deviations  of  about  0.25  pixels  (the  same  as  for  the  best  estimation  of  the  linear 
filters). 


Note  that  the  upper  plots  (figures  (a))  in  Appendix  D  are  the  mean  over  10  runs  as 
opposed  to  mean  ±  la.  If  the  truth  model  initial  conditions  had  been  randomized,  the  mean  could 
be  zero  for  all  time,  while  a  steady-state  error  standard  deviation  (not  shown  in  the  plots)  in 
consonance  with  the  pogo  process  ap 2  would  be  achieved.  Initial  condition  randomization  should 
be  accomplished  for  more  realistic  simulations.  It  is  suspected  that  the  filter  may  be  fairly  well 
tuned  but  randomization  of  the  initial  conditions  would  allow  a  better  performance  assessment. 
Also  note  that  there  is  an  apparent  anomaly  on  the  pogo  offset  plots  for  pogo  conditions  three 
through  six  --  troth  model  oscillations  die  out  vs  maintaining  the  a2  of  Table  5.3.  This  actually 
is  not  an  anomaly  and  should  be  expected,  since  the  mean  pogo  value  should  appropriately  die 
out  (as  mentioned  earlier  in  this  paragraph).  The  plots  appear  with  a  nonzero  mean  because  the 
initial  conditions  for  magnitude  and  phase  were  established  to  identical  values  at  for  every  run. 


Table  5.4  Pogo  Error  Statistics  for  Different  Pogo  Conditions 


Pogo 

Condition 

Mean  Error 

Filter  Computed  a 

Actual  a 

1 

0 

0.10 

-0.100 

2 

0 

0.50 

-0.500 

3 

0 

0.01 

£0.005 

4 

0 

0.10 

-0.100 

5 

0 

very  small 

very  small 

6 

0 

very  small 

very  small 
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As  previously  mentioned,  if  the  initial  conditions  were  randomized,  the  pogo  process  would  have 
the  appropriate  zero  mean  and  standard  deviation  from  the  start  of  the  run.  The  upper  plots  for 
pogo  condition  should  not  be  misunderstood,  since  they  could  be  misleading  without  the 
randomized  initial  condition  and  the  ±  lap  traces. 

Plume  pogo  estimation  statistics  varied,  depending  on  what  condition  was  in  existence. 
Table  5.4  shows  the  approximate  statistics  for  the  pogo  states  of  the  filter  tuned  for  differing  pogo 
conditions,  obtained  off  the  plots  in  Appendix  D.  Note  that  the  errors  become  negligible  when 
the  pogo  oscillations  are  at  the  highest  frequency  of  10  Hz. 

5.4  Summary 

This  chapter  presented  the  procedures,  filter  models  and  results  of  the  stochastic 
observability  tests.  The  tests  proved  to  be  inconclusive  due  to  numerical  precision  difficulties. 
Section  5.3  explained  what  filter  configurations  were  subjected  to  Monte  Carlo  analysis  with 
MSOFE  and  the  results  of  the  performance  analysis.  The  accompanying  plots  for  the  linear 
Kalman  filter  discussion  are  contained  in  Appendix  C.  The  plots  that  accompany  the  description 
of  results  for  the  nonlinear  filter  tuned  for  alternate  pogo  conditions  are  contained  in  Appendix 
D.  An  exhaustive  run  by  run  description  of  the  plots  is  not  contained  in  this  section,  out  the  plots 
are  included  so  that  the  interested  reader  may  scrutinize  the  plots  further  in  ordei  to  draw  their 
own  conclusions. 
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VI.  AFIT  Elemental  Filter  Analysis  Procedures  and  Results 


6.1  Introduction 

The  software  simulation  of  the  real  world,  measurement  generation,  enhanced  correlator 
algorithm  and  various  Kalman  filters  have  been  developed  at  AFIT  over  the  last  14  years  [31]. 
The  truth  models  used  to  simulate  the  real  world,  and  the  generation  of  the  measurements  for  the 
tracking  filter,  are  described  in  Chapter  m.  A  detailed  description  of  the  nine-state  dynamics 
model  and  the  measurement  model  of  the  filter  which  is  analyzed  in  this  chapter  is  contained  in 
Chapter  IV. 

This  chapter  presents  the  process  used  for  analyzing  the  elemental  filter  in  the  AFIT 
software.  Recall  from  the  objectives  in  Chapter  1  that  the  fundamental  goal  of  this  portion  of  the 
research  was  to  combine  the  two  filters  (one  for  tracking  the  center-of-intensity  of  the  target/plume 
IR  image,  and  one  for  estimating  the  offset  between  that  center-of-intensity  and  the  center-of-mass 
of  the  missile  hardbody)  developed  and  analysed  by  the  previous  three  researchers,  Eden.  Evans 
and  Herrera  [8,9,14].  into  a  single  filter  that  also  incorporated  estimation  of  the  plume  pogo.  The 
intention  of  this  goal  is  eventually  to  determine  tuning  constants  for  a  series  of  filters,  each  of 
which  is  tuned  for  optimal  performance  when  exposed  to  different  pogo  characteristics  (in  this 
instance,  rms  amplitude  and  frequency  of  pogo  oscillation).  That  series  of  filters  would  then  be 
used  to  form  a  multiple  model  adaptive  estimator  for  this  application 

The  following  sections  describe  the  performance  delivered  by  an  elemental  filter  tested 
against  nominal  pogo  conditions.  The  associated  performance  plots,  displayed  in  Appendix  E, 
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reveal  that  there  may  be  errors  in  the  software  causing  inaccurate  simulations  under  certain 
conditions.  These  potential  errors,  their  effect  on  the  simulation,  and  proposed  solutions  are  also 
described  in  the  ensuing  sections.  Although  numerous  runs  were  made  under  many  different 
conditions,  a  single  run  was  selected  for  Appendix  E  that  contains  all  the  necessary  salient  features 
found  throughout  all  the  runs  that  will  be  addressed  in  the  detailed  analysis. 

The  elemental  filter  which  produced  the  results  described  below  contains  nine  states  and 
updates  the  state  vector  from  two  separate  sensors.  The  first  update  contains  plume  centroid 
position  information  from  the  FLIR.  Raw  FUR  data  is  processed  through  the  enhanced 
correlation  algorithm  and  position  of  the  plume  centroid  is  presented  to  the  filter  in  terms  of  two 
offsets  from  the  center  of  the  field-of-view  corresponding  to  FLIR  plane  x-  and  y-axis  coordinates. 
After  the  filter  performs  an  update  to  the  state  vector,  a  low-energy  laser  sweep  is  initiated  in 
order  to  obtain  a  measurement  of  the  centcr-of-mass  location  relative  to  the  plume  centroid.  The 
sweep  is  oriented  to  start  at  the  estimated  centroid  location,  calculated  from  the  filter’s  state 
vector,  and  to  intercept  the  hardbody  along  the  velocity  vector,  also  calculated  from  the  state 
vector.  The  Doppler  frequency  shift  characteristics  in  the  LKL  return  are  exploited  to  determine 
the  offset  distance  of  the  hardbody  center-of-mass  from  the  plume  center-of-intensity  along  the 
velocity  vector.  The  Kalman  filter  then  uses  this  measurement  to  perform  a  second  update  before 
estimating  the  position  of  the  plume  centroid  and  center-of-mass  at  the  next  measurement  period. 
The  FLIR  plane  is  shifted  in  order  to  center  the  FOV  on  the  centroid  estimate  at  that  next  sample 
period. 
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6.2  Performance  Analysis  Results 


Appendix  E  contains  selected  plots  which  depict  the  performance  of  the  elemental  filter 
for  a  single  simulation  of  five  Monte  Carlo  runs  with  nominal  pogo  conditions.  The  filter  pogo 
gain  constant.  Kpf,  is  adjusted  to  reflect  the  desired  pogo  rms  amplitude  of  0.1 12  pixels  (i.e.,  the 
filter  dynamics  noise  strength  is  set  equal  to  the  truth  model’s).  The  other  tuning  parameters  and 
simulation  conditions  are  listed  in  Chapters  III  and  IV.  Table  6.1  lists  the  performance  statistics 
associated  with  the  plots.  Two  different  types  of  plots  are  contained  in  the  Appendix  E.  The  first 
type  directly  compares  the  value  oi  the  filter  estimated  state  to  the  true  state.  As  in  the  previous 
appendices,  the  solid  line  is  the  true  condition  and  the  dashed  line  is  the  filter  estimate.  Ihe  other 
type  of  plot  contains  five  traces;  these  are  the  statistics  plots  explained  in  Appendix  B. 


Table  6.1  Time- Averaged  Error  Statistics  for  Elemental  Filter  (Nominal  Pogo  Conditions) 


STATE 

MEAN 

ERRORS/) 

MEAN 

ERROR(f,+) 

STD.  DEV. 
a(r/) 

STD.  DEV. 
o(t,+) 

X  POSITION 

-0.489990 

-0.488290 

0.43488 

BOSS! 

Y  POSITION 

0.748290 

.. 

0.745320 

0.41595 

0.41270 

X  VELOCITY 

-0.194090 

-0.188110 

0.53733 

0.53^03 

Y  VELOCITY 

0.287940 

0.276900 

0.53360 

0.53473 

X  JITTER 

0.024115 

0.034851 

0.40936 

0.35582 

Y  JITTER 

-0.047987 

-0.071015 

0.45138 

0.42079 

POGO  OFFSET 

-0.007040 

0.006787 

0.13381 

0.13382 

POGO  VELOCITY 

-0.049104 

-0.047486 

0.81970 

0.81876 

OFFSET 

-0.744800 

-0.750030 

0.92680 

0.93146 

.ip  CENTROID 

-0.110370 

-0.106100 

0.52676 

0.52670 

Y  CENTROID 

0.099324 

0.092069 

0.82138 

0.82417 
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6.2.1  Position  Estimation  Accuracy.  Estimation  accuracy  of  the  position  is  the  primary 
measure  of  overall  filter  performance.  There  are  two  important  features  that  should  be  noticed 
in  the  x  and  y  position  error  statistics  plots  (Figures  E.1  (a)  and  (b)).  The  first  is  that  the  filter 
is  not  properly  tuned  for  the  position  states,  despite  that  fact  that  it  was  "told"  the  proper  pogo 
conditions  to  expect  and  also  the  fact  that  the  optimal  tuning  parameters  for  atmospheric  jitter, 
determined  in  previous  theses  [17,38,47,40],  were  used.  Since  estimation  accuracy  of  the  other 
states  will  affect  the  position  accuracy,  inspection  of  the  other  statistics  plots  shows  that  the  poor 
tuning  is  partially  impacted  by  sub-optimal  tuning  in  some  of  the  other  states.  The  other 
important  salient  feature  is  that  there  is  a  nonzero  mean  error  in  both  the  x  and  y  directions. 
Possible  causes  ot  the  biased  errors  will  be  presented  later  in  the  analysis. 

6.2.2  Velc  ity  Estimation  Accuracy.  An  important  feature  present  in  the  velocity  error 
statistics  plots  (Figure  E.2)  and  all  the  other  statistics  plots  (except  for  the  plume  pogo  statistics) 
is  the  transient  during  the  first  second  of  the  simulation.  The  actual  errors  were  off  the  scale  of 
the  plots  shown,  so  statistics  were  not  plotted  until  after  the  beginning  of  the  simulation.  The 
actual  filter  velocity  estimate  was  initialized  to  the  true  velocities,  so  errors  are  zero  at  t0 .  A 
frame  by  frame  inspection  of  the  velocity  data  showed  that  an  unknown  phenomenon  is  causing 
filter  velocity  estimates  to  suffer  an  extreme  transient  in  the  first  two  to  five  frames  before 
recovering.  The  fact  that  the  filter  is  able  to  recover  from  such  a  large  transient  in  the  velocity 
state  is  an  indication  of  robustness,  despite  its  constant  velocity  model.  The  unknown  anomaly 
causing  the  initial  velocity  transient  is  also  the  probable  cause  of  the  initial  transients  visible  in 
the  other  states.  The  error  statistics  in  Table  6. 1  were  accumulated  from  two  seconds  into  the 
simulation  to  the  end,  so  they  should  be  an  accurate  representation  of  the  filter’s  steady  state 
performance. 


Other  than  the  initial  transient,  velocity  tracking  is  reasonably  good  and  filter  estimation 
tuning  is  close  to  optimal;  a  slightly  higher  noise  strength  may  be  beneficial  to  optimize  the 
tuning.  Mean  errors  appear  to  be  close  to  zero  and  exhibit  no  obvious  systematic  nonzero  trends 
that  would  require  attention  through  tuning  or  modeling  effc  cs. 

6.2.3  Atmospheric  Jitter  Estimation  Accuracy.  The  next  two  figures  (Figures  E.3  and 
E.4)  show  a  visual  presentation  of  the  filter’s  estimate  of  plume  intensity  centroid  displacements 
in  both  axes  due  to  atmospheric  disturbances.  Performance  was  approximately  equal  along  both 
axes.  The  errors  don’t  appear  to  be  associated  in  any  way  with  the  pogo  state  plots,  so  there  is 
no  apparent  affect  of  pogo  coupling  into  the  atmospheric  jitter  states.  As  noted  in  the  previous 
theses  [8,9,14,40],  there  is  a  distinct  difference  in  filter  estimated  uncertainty  immediately  before 
and  after  the  update  period,  however,  the  difference  in  this  case  is  on  the  order  of  only  50  percent 
of  the  la  estimate  at  tM'.  Previous  observations  showed  a  difference  of  several  orders  of 
magnitude  [24].  The  time-averaged  filter  lo  is  about  0.25  pixels,  but  actual  errors  exhibited 
temporally  averaged  standard  deviations  on  the  order  of  la  *  0.4  pixels  in  each  direction  (see 
Table  6.1).  These  errors  indicate  that  the  filter  is  not  estimating  the  jitter  very  well  at  all,  since 
the  actual  jitter  process  itself  had  a  variance  of  0.2  pixels2  (or  a  =  0.447).  The  filter  could 
possibly  track  as  well  without  any  jitter  model  states  at  all.  This  observation  is  contrary  to  the 
results  obtained  from  the  MSOFE  analysis,  in  which  estimation  of  jitter  was  not  only  possible,  but 
significantly  improved  filter  performance  when  included  in  the  model. 

6.2.4  Plume  Pogo  Position  and  Velocity  Estimation  Accuracy.  The  two  figures  showing 
the  filter’s  plume  pogo  offset  position  and  velocity  estimation  performance  (Figures  E.5  and  E.6) 
indicate  there  is  room  ior  significant  improvement.  The  bottom  plot  on  E.5  and  E.6  indicate  a 
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nonrcmdomized  initial  condition  on  truth  model  simulations  of  pogo  (so  all  samples  show  the  same 
phase,  giving  the  sinusoidal  mean  motion  that  is  obvious  on  the  plots).  This  sinusoidal  mean 
would  be  removed  if  the  initial  conditions  were  randomized.  It  is  then  suspected  that  the 
performance  plots  would  indicate  reasonably  good  tuning  and  performance.  There  is  apparently 
a  nonzero  initial  offset  in  the  filter  estimate  (Figure  E.5(a)),  however,  the  pogo  offset  should  be 
showing  zero,  as  it  was  set  in  the  software.  A  frame-by-frame  analysis  would  be  necessary  to 
determine  the  actual  initial  setting.  There  could  be  a  large  initial  transient  similar  to  the 
observation  associated  with  the  velocity  states.  The  initial  estimates  of  the  filter  cause  the  pogo 
position  (and  velocity)  estimates  to  be  out  of  phase  with  the  truth  model,  and  hence  the  major 
contributor  to  pogo  estimation  errors.  By  the  end  of  the  6.5  second  simulation,  the  filter  is 
beginning  to  recover  and  reach  steady  state.  The  general  trend  of  the  plots  shows  that  the  filter 
would  probably  be  well  tuned  in  a  steady  state  condition.  It  is  also  probable  that  it  would  recover 
more  quickly  if  the  pogo  oscillation  frequency  were  higher.  This  hypothesis  is  supported  by  the 
MSOFE  data  shown  in  Section  5. 3.2.6  that  indicates  that  higher  frequency  and  lower  magnitude 
pogo  conditions  are  easier  to  estimate.  The  corresponding  plots  of  pogo  estimation  from  the 
MSOFE  analysis  also  showed  that  estimation  can  be  very  accurate  if  the  filter  is  in  the  proper 
phase.  The  initial  conditions  of  no  pogo  offset  and  zero  velocity  do  not  reflect  conditions  that 
would  ever  exist  in  the  real  world  and  would  be  cause  for  concern  about  model  adequacy  if  they 
were  coupled  with  small  initial  variances.  However,  use  of  large  initial  filter  covariance  terms 
P„  for  pogo  position  and  velocity  would  be  imitative  of  the  real  world  (symbolizing  high 
uncertainty  of  initial  conditions),  and  mean  values  of  zero  for  both  states  would  be  fine  initially. 

This  simulation,  however,  is  important  in  that  one  cannot  expect  the  filter  to  receive  the 
proper  initial  pogo  conditions  and  the  filter  should  be  able  to  recover  from  improper  conditions. 
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It  iseful  to  note  that  recovery  time  for  this  model  for  these  pogo  characteristics  is  fairly 
exten  ve  (over  6  seconds).  This  simulation  also  showed  (as  did  the  MSOFE  simulations)  that  the 
filter  recovers  from  magnitude  errors  more  rapidly  than  from  phase  errors.  This  suggests  that 
large  pogo  P0  and  Q  values  could  be  used  for  an  initial  acquisition  phase  to  speed  up  the 
transients.  Then,  the  Q  values  used  for  this  simulation  could  be  used  in  track  mode.  Finally,  the 
pogo  errors  do  not  appear  to  be  modulated  in  any  way  by  the  atmospheric  jitter  estimation  errors, 
indicating  that  there  is  probably  no  corruption  from  the  jitter  states. 

6.25  Offset  Estimation  Accuracy.  Figures  E.7(a)  and  E.7(b)  show  the  filter’s  estimate 
and  error  statistics  respectively  for  the  offset  distance  between  the  plume  intensity  centroid 
equilibrium  point  and  the  missile  center-of-mass.  The  plots  clearly  show  that  tuning  of  the  filter 
leaves  much  to  be  desired.  Also  note  that  there  is  a  substantial  bias  in  the  mean  error  and  that 
the  filter’s  estimate  is  not  constant,  as  it  should  be.  Since  the  offset  is  modeled  as  a  constant  in 
the  dynamics  model,  the  high  frequency  variations  in  the  offset  value  a-e  probably  due  to  the  state 
updates  from  the  low-energy  laser  measurement.  It  is  suspected  that  much  of  the  degradation  in 
filter  peri  >rmance  can  be  attributed  to  the  offset  measurement.  The  offset  error  contributes 
directly  to  the  bias  in  mean  error  previously  highlighted  for  the  position  states  (Section  6.2.1). 
The  justification  for  this  conclusion  is  revealed  by  analysis  of  the  centroid  estimation  accuracy. 
The  erroneous  offset  measurements  are  described  and  several  possible  explanations  for  the  poor 
offset  performance  are  proposed  in  Section  6.3. 

6.2.6  Plume  Intensity  Centroid  Estimation  Accuracy.  Although  position  of  the  plume 
intensity  centroid  is  not  explicitly  modeled  in  individual  states  within  the  filter  structure,  it  is 
easily  calculated  from  the  state  vector  and  is  carried  throughout  the  software  simulation.  In  fact. 
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until  this  diesis,  the  filter  position  states  defined  the  centroid  locadon,  since  ail  enhanced 
correlator,  template  generation,  and  FL1R  controller  functions  are  based  on  the  centroid’s  position. 
Because  of  the  importance  of  the  centroid  location  estimates,  an  analysis  of  the  filter’s  estimation 
accuracy  of  them  has  been  included  here.  The  last  figure  in  Appendix  E  shows  that  tracking  of 
the  plume  centroid  has  essentially  zero  mean.  Since  the  current  filter  defines  the  target  position 
states  as  the  missile  center-of-mass,  and  they  are  calculated  relative  to  the  centroid  position,  the 
bias  in  the  position  states  (mentioned  in  Section  6.2.1)  must  be  caused  by  the  biased  offset 
measurements.  There  are  no  traces  indicating  filter-computed  error  uncertainty  since  the  centroid 
locations  are  not  explicidy  represented  in  the  filter  state  vector.  Filter  computed  covariance  could 
be  calculated  through  use  of  me  transformations  CPjCT,  where  y  =  Cxf  -  x  and  y  centroid  position 
coordinates,  however  for  this  thesis,  the  ultimate  measure  of  performance  is  determined  by  the 
accuracy  of  the  center-of-mass  location.  If  centroid  location  tuning  becomes  an  issue,  it  may  be 
advantageous  to  incorporate  the  transformation  equations  into  the  software. 

6.3  Potential  Problems  and  Proposed  Solutions 

This  part  of  the  chapter  is  divided  into  two  subsections.  The  first  presents  explanations 
of  problems  detected  during  the  performance  analysis  of  Section  6.2  The  second  section  addresses 
several  miscellaneous  issues  that  the  author  felt  impelled  to  record  for  the  benefit  of  future 
researchers. 

6.3.1  Specific  Problems  Revealed  by  Analysis.  One  can  find  reason  to  suspect  many 
errors  in  the  simulation  from  analysis  of  the  center-of-mass  to  centroid  equilibrium  point  offset 
plots.  Recall  that  the  measurement  from  the  LEL  was  considered  highly  accurate  when  present 
(a  low  measurement  noise  variance  R  relative  to  the  dynamics  noise  strength  0.  A  frame-by- 
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frame  analysis  revealed  that  offset  values  from  the  laser  measurement  did  indeed  appear  to  vary 
more  rapidly  than  expected  (even  with  pogo  taken  into  account)  and  that  there  were  possible 
errors  in  the  laser  sweep  routine.  Both  the  bias  and  the  evidence  of  noisy  laser  measurements 
observed  in  Section  6.2.5  are  reason  to  suspect  that  there  are  errors  in  the  measurement  generation 
routines  in  the  AFIT  software. 

The  poor  laser  measurements  lead  one  to  speculate  that  a  combination  of  events  may  be 
occurring  in  the  software.  First,  the  bias  may  be  a  reflection  of  an  improperly  modeled  Doppler 
measurement.  The  Doppler  measurement  model  used  was  developed  and  shown  to  generate 
unbiased  measurements  successfully  by  Herrera  in  the  previous  thesis  [14].  However,  it  may  have 
been  implemented  improperly  in  this  research  due  to  errors  when  transferring  software  code, 
improper  tuning  (recall  from  Chapter  HI  that  the  Doppler  measurement  is  dependent  on  several 
fat  or  any  other  misunderstanding  of  its  implementation.  The  existence  of  the  bias,  which 
is  of  the  same  approximate  magnitude  and  direction  characteristic  of  the  speckle  return  model 
[14],  indicates  that  the  Doppler  measurement  model  should  be  inspected  again  to  ensure  proper 
implementation. 

Another  event  that  may  be  causing  both  the  bias  and  the  noise  is  the  laser  sweep/scanning 
routine.  The  frame-by-frame  analysis  showed  that  there  were  extended  periods  up  to  one  second 
during  which  no  updates  were  made  from  the  low-energy  laser  due  to  a  lack  of  intercepting  the 
hardbody.  This  high  miss-rate  was  not  in  consonance  with  the  0. 1  percent  probability  of  miss  and 
benign  Doppler  return  parameters  used  for  the  simulation.  Also,  during  the  course  of  running  a 
few  other  simulations,  particularly  those  with  larger  pogo  magnitudes,  the  simulation  locked  itself 
into  an  endless  loop  inside  of  the  sweep  routine.  There  are  at  least  two  potential  causes  for  this 
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error:  LEI,  sweep  geometry,  and  FOV  geometry.  The  first  cause,  laser  sweep  geometry,  is  highly 
likely  and  was  originally  proposed  by  Evans  [9].  It  was  the  reason  the  LEL  measurement  routine 
was  upgraded  from  a  simple  single,  scan  routine  to  a  series  of  scans  forming  the  sweep.  The 
filter’s  estimate  of  the  centroid  location  is  not  exact,  and  therefore  basing  the  laser  sweep  on  that 
information  may  still  cause  either  a  partial  (only  part  of  the  hardbody  is  intercepted  by  the  sweep) 
or  complete  miss.  When  Evans  developed  the  sweep  routine,  he  optimized  it  for  a  high 
LEL/Hardbody  intercept  rate  without  any  plume  pogo.  It  may  be  necessary  to  modify  the  sweep 
geometry  (perhaps  a  simple  expansion  of  the  sweep  angle)  to  improve  the  chances  of  intercepting 
the  entire  missile  hardbody  in  the  presence  of  plume  pogo.  An  excellent  detailed  description  of 
the  scan  and  sweep  routines  is  contained  in  Eden’s  and  Evans’  theses  [8,9]. 

In  addition  to  erroneous  measurements  caused  by  sweep  geometry,  the  poor  intercept  rate 
may  have  been  caused  by  the  geometry  of  the  FLIR  tracking  window  itself  (the  FOV).  The 
increased  frequency  of  problems  when  higher  pogo  magnitudes  were  tested  leads  to  speculation 
that  part  of  the  missile  hardbody  may  actually  be  projected  outside  the  borders  of  the  FOV.  Since 
the  FLIR  controller  seeks  to  center  the  FOV  on  the  centroid,  the  FOV  will  oscillate  along  with 
the  plume,  so  the  projection  of  the  missile  hardbody  is  what  actually  oscillates  in  the  FLIR  plane. 
The  plume  pogo  distance,  centroid  equilibrium  point  offset  distance,  and  missile  length  may 
combine  during  the  simulation  so  that  part  of  the  missile  hardbody  projection  exceeds  beyond  the 
boundaries  of  the  FLIR  plane.  Further  frame-by-frame  analysis  and  creation  of  more  statistics 
would  be  required  to  verify  if  this  is  occurring. 

One  ad  hoc  software  patch  that  decreases  difficulties  caused  by  geometry  problems  (and 
which  was  implemented  in  some  simulations  for  this  research)  is  simply  to  declare  that  the  sweep 
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did  not  Intercept  the  hardbody.  This  patch  prevents  the  simulation  from  locking  into  an  endless 
loop,  but  does  not  prevent  a  low  intercept  rate  or  fix  either  the  laser  sweep  or  FOV  geometry 
problem.  A  potential  fix  to  the  FOV  geometry  problem,  if  it  is  verified  as  being  a  cause  of 
difficulties,  would  be  to  utilize  a  larger  FOV.  This  could  be  done  by  expanding  the  dimensions 
of  the  tracking  window  to  more  than  8x8  pixels.  Another  method  that  expands  the  effective 
tracking  window  is  diagonally  rotating  the  FOV  (DRFOV)  so  that  the  velocity  vector  is  aligned 
at  45°  to  the  FUR  plan  axes.  This  rotation  effectively  expands  the  length  of  the  combined  plume 
and  hardbody  that  may  be  projected  in  the  FOV  and  increases  the  chance  of  maintaining  the  track. 
This  method  was  successfully  implemented  and  tested  (with  good  results)  by  Rizzo  [40],  but  prior 
to  the  implementation  of  the  LEL  measurements  and  projection  of  the  hardbody  on  the  FLIR 
plane.  It  may  be  advantageous  to  investigate  using  the  DRFOV  routines  with  the  new  elemental 
filter  developed  in  this  thesis. 

6.3.2  Miscellaneous  Issues.  In  the  course  of  this  research,  an  inordinate  amount  of  time 
was  spent  becoming  familiarized  with  the  software.  Because  of  its  rapid  development  and 
numerous  contributors,  much  oi  the  internal  documentation  (the  only  current  documentation 
available)  has  become  outdated.  This  is  complicated  by  the  fact  that  the  software  has  been 
developed  over  a  long  length  of  time  and  has  an  extremely  high  number  of  possible  variations. 
Consequently,  it  has  become  a  highly  complex  and  admirable  accomplishment,  yet  one  that  can 
still  be  improved  tremendously.  The  inherent  modularity  of  the  structure  should  be  maintained 
and  perhaps  even  increased.  By  utilizing  function  modules  and  subroutines,  the  variations  in 
configuration  are  easier  to  keep  track  of  and  to  implement.  Some  of  the  features  of  MSOFE,  such 
as  common  variables  and  user  designated  parameters,  were  incorporated  into  the  software  and 
have  made  debugging  and  future  changes  to  the  model  much  simpler  and  efficient. 
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Because  of  its  rapid  development,  many  errors  were  found  in  the  software  that  did  not 
cause  problems  in  previous  theses,  but  were  brought  to  the  surface  during  this  development.  Chief 
among  these  were  some  sign  errors  arising  from  the  use  of  a  right-handed  convention  for  aligning 
the  FLIR  plane-to-missile  range  vector.  Although  this  would  initially  be  a  logical  choice  of 
coordinate  systems,  it  causes  a  discrepancy  between  the  orientation  of  the  truth  and  filter  FLIR 
plane  coordinates  along  the  y-axis  (see  Chapter  III).  Furthermore,  once  the  initial  projection  of 
the  missile  and  plume  are  made  onto  the  FLIR  plane,  all  calculations  and  control  functions  are 
performed  in  terms  of  that  coordinate  system.  This  necessitates  extraordinary  care  and  attention 
to  the  signs  of  any  calculations  involving  y-axis  components.  Use  of  a  left-handed  coordinate 
system,  so  that  the  range  is  considered  negative,  would  allow  the  truth  and  filter  coordinate 
systems  to  coincide  with  each  other.  This  would  greatly  simplify  the  debugging  process  for  sign 
errors  and  make  the  code  more  efficient. 

Since  the  currently  implemented  truth  model  was  originally  developed  when  only  FLIR 
measurements  were  available,  the  target  dynamics  states  are  defined  in  terms  of  the  plume 
intensity  centroid.  The  offset  between  the  intensity  centroid  and  the  hardbody  center-of-mass  is 
hardcoded  as  a  constant  (not  explicitly  modeled)  and  the  center-of-mass  location  is  a  derived  value 
calculated  from  the  truth  state  vector.  This  definition  is  convenient  when  using  a  structure  with 
two  independent  filters  (as  in  the  previous  thesis),  but  is  inefficient  for  the  development  of  this 
thesis  and  also  does  not  reflect  reality.  With  the  incorporation  of  LEL  measurements,  information 
is  now  available  to  locate  the  true  target  of  interest,  the  missile  hardbody.  For  this  reason,  the 
truth  model  should  be  revised  so  that  the  dynamics  states  describe  the  missile  center-of-mass. 
This  would  also  necessitate  modeling  the  offset  in  the  truth  model,  as  opposed  to  hardcoding  it 
to  a  constant.  The  revision  should  yield  a  more  realistic  and  logical  truth  model  which  leaves 
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more  room  for  future  embellishment.  For  example,  the  offset  could  be  modeled  as  a  variable  or 
unknown  distance.  Revision  of  the  truth  model  will  also  bring  it  more  into  line  with  the  structure 
anticipated  for  future  elemental  filters. 

Another  residual  of  the  original  FLIR  measurement-only  structure  of  the  truth  model  is 
that  the  FOV,  defined  in  terms  of  the  FLIR  plane,  is  centered  on  the  plume  intensity  centroid. 
As  mentioned  previously,  this  causes  the  FOV  to  oscillate  with  respect  to  the  missile  hardbody 
(or  vice  versa,  depending  on  how  you  look  at  it).  Although  controller  delay  times  and  servo 
limitations  were  regarded  as  negligible  in  earlier  theses  (see  Section  2.3.3),  they  may  once  again 
become  complicating  factors  that  resurface  with  the  new  measurement,  revised  truth  model,  and 
higher  sample  rate.  It  is  probable  that  a  much  smoother  signal  would  be  delivered  to  the  pointing 
controller  if  it  is  directed  relative  to  the  hardbody  instead  of  the  centroid.  By  the  same  token,  it 
would  be  a  logical  step  to  revise  the  FOV  to  center  on  the  estimated  center-of-mass.  This  revision 
would  require  detailed  investigation  of  the  enhanced  correlation  algorithm,  template  generation, 
and  template  re-acquisition  routines  to  ensure  that  they  continue  to  operate  as  designed. 

6.4  Summary 

This  chapter  presented  the  results  obtained  from  analysis  of  the  AFIT  elemental  filter 
simulation.  A  single  simulation  was  selected  and  a  detailed  explanation  of  filter  accuracy  given 
for  each  state.  The  figures  shown  in  Appendix  E  indicate  that  possible  errors  still  exist  with  the 
currently  implemented  design.  Explanations  of  those  possible  problems  and  potential  solutions 
were  offered  in  Section  6.3,  as  well  as  a  discussion  of  several  miscellaneous  issues  surrounding 
the  AFIT  simulation  software. 
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VII.  Conclusions  and  Recommendations 


7.1  Introduction 

This  chapter  summarizes  the  final  conclusions  of  this  thesis  and  suggests  areas  for  further 
study.  Section  7.2  draws  conclusions  based  on  the  results  obtained  in  Chapters  V  and  VI.  Section 
7.3  enumerates  topics  that  require  further  research  either  to  resolve  problems  found  in  this  thesis 
or  to  further  the  development  of  the  general  ballistic  missile  tracking  objective. 

7.2  Conclusions 

Numerous  conclusions  were  drawn,  based  on  the  results  of  the  observability  tests,  MSOFE 
analysis,  and  elemental  filter  analysis.  The  conclusions  contained  in  this  section  are  summarized, 
so  the  reader  should  refer  to  the  specific  sections  in  those  Chapters  for  detailed  discussions. 

7.2.1  Stochastic  Observability  Tests.  The  results  of  the  stochastic  obse*vability  tests 
explained  in  Section  5.2.3  were  inconclusive.  Six  different  filter  structures  consisting  of  different 
combinations  of  acceleration,  atmospheric  jitter,  and  plume  pogo  states  were  subjected  to  the 
observability  gramian  condition  test  with  both  constant  target  angle  and  general  target  angle 
measurement  models.  In  all  cases,  extremely  large  variations  in  the  orders  of  magnitude  of  the 
eigenvalues  of  the  observability  gramian  matrix  Af  j  were  observed,  which  would  normally  indicate 
unobservable  states,  which  is  a  manifestation  of  numerics  problems.  In  addition,  both  negative 
and  complex  eigenvalues  were  observed, .  The  inconclusive  results  are  due  to  numerical  precision 
problems  in  the  software  and  hardware  used  to  conduct  the  test. 
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Two  approaches  were  attempted  to  improve  the  ill-conditioning  of  the  state  transition 
matrix  4>  and  reduce  the  variation  in  the  orders  of  magnitudes  and  associated  numerics  difficulties. 
The  first  approach,  reducing  the  sample  period  by  SO  percent,  had  no  significant  impact.  The 
second  approach  was  to  apply  a  scaling  matrix  to  the  state  transition  matrix  prior  to  computing 
the  system  observability  gramian  matrix.  This  approach  was  successful  in  reducing  the  large  order 
of  magnitude  variation  and  yielded  all  positive  and  real  eigenvalues  of  the  observability  gramian 
matrix  MD.  One  could  attempt  to  observe  groupings  of  the  eigenvalue  magnitudes  to  gain  insights 
into  relative  observability  of  the  associated  states,  but  definite  conclusions  cannot  be  drawn  since 
the  variation  in  order  of  magnitudes  exceeds  the  reliable  precision  of  the  software  and  hardware 
with  which  the  tests  were  conducted. 

7.2.2  MSOFE  Monte  Carlo  Analysis  Results.  Section  5.3.2  contains  a  detailed  analysis 
of  the  results  from  testing  four  different  filter  configurations  under  varying  conditions  and  in  three 
different  real-world  environments.  The  primary  objectives  of  the  tests  were  threefold:  first  to 
determine  the  relative  estimatability  of  atmospheric  jitter  and  plume  pogo  individually;  second  to 
investigate  the  existence  of  interactions  among  the  pogo  and  jitter  states;  and  third  to  provide 
independent  verification  of  the  jitter  and  pogo  models  outside  of  the  AFIT  software. 

Sections  5.3.2.3  and  5.3.2.4  address  the  first  objective  and  Section  5.3.2.5  addresses  the 
second  objective.  On  an  individual  basis,  either  or  both  phenomena  can  be  estimated  if  the  filter 
model  is  properly  tuned  to  reflect  conditions  in  the  real  world.  In  general,  the  best  filters  were 
able  to  estimate  jitter  with  an  accuracy  of  la  =  0.25  pixels,  which  is  an  improvement  over  the 
jitter  itself,  which  was  simulated  with  oa  =  0.45  pixels.  This  conclusion  is  important  in  that  it  is 
contradictory  to  results  obtained  from  the  AFIT  model  in  previous  years  and  this  year. 
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The  various  simulations  also  did  not  show  any  evidence  of  direct  corruption  of  pogo  on 
jitter  estimation  or  vice  versa.  However,  the  data  clearly  indicated  that  jitter  has  the  dominating 
effect  on  filter  sensitivity.  Filter  models  that  included  jitter  estimation  but  not  plume  pogo  were 
able  to  compensate  for  unmodeled  pogo  errors  by  attributing  the  motion  to  the  jitter  states.  The 
converse  case,  assigning  unmodeled  jitter  errors  to  plume  pogo,  was  not  successful.  This  was 
especially  true  for  cases  of  lower  pogo  oscillation  frequencies  and  larger  magnitudes.  The  results 
described  in  Section  S.3.2.6  support  the  conclusion  that  the  more  difficult  conditions  to  estimate 
are  slower  pogo  frequencies  and  larger  magnitudes  of  oscillation.  Finally,  analysis  of  the  pogo 
statistics  did  show  that  pogo  errors  are  impacted  significantly  by  phase  errors  as  well  as  magnitude 
estimation  errors. 

7.2.3  AFIT  Elemental  Filter  Performance.  This  thesis  successfully  developed  and 
analyzed  the  desired  single  filter  that  combined  the  independent  "FLIR"  and  "center-of-mass" 
filters  used  in  the  previous  three  theses  [8,9,14].  Chapter  VI  contains  a  detailed  analysis  of  the 
performance  exhibited  by  the  9-state  filter.  The  overall  performance  of  the  filter  was  not  as  good 
as  the  performance  demonstrated  by  the  independent-filter  configuration.  It  was  originally 
hypothesized  that  incorporation  of  pogo  and  all  other  states  into  a  single  filter,  which  utilized  both 
the  FLIR  and  low-energy-laser  measurements,  should  yield  better  performance.  The  degradation 
in  performance,  however,  appears  to  reinforce  some  of  the  conclusions  originally  proposed  by 
Rizzo  four  years  ago  [40].  The  degradation  may  be  due  to  either  poor  estimatability  of  the 
atmospheric  jitter,  interaction  of  the  jitter  model  with  the  pogo  states,  or  a  combination  of  both. 

Investigation  of  the  jitter  estimation  showed  that,  unlike  previous  AFIT  filters,  the 
temporally  averaged  standard  deviation  in  actual  jitter  estimation  errors  did  not  vary  significantly 
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when  taken  immediately  before  the  update  (7,+/  ),  and  immediately  after  the  update  (t* ). 
However,  the  actual  errors  were  of  the  same  order  as  the  jitter  process  uncertainty  itself,  indicating 
that  the  filter  was  not  estimating  jitter  any  better  than  if  the  jitter  model  states  were  not  included 
in  the  filter.  The  difference  in  results  between  the  MSOFE  simulations  and  AFIT  simulations  (and 
improved  jitter  results  in  the  AFIT  filter)  lead  to  speculation  that  there  still  may  be  a  problem  with 
how  the  jitter  is  modeled  in  the  AFIT  software. 

Since  the  elemental  filter  was  not  studied  under  differing  pogo  conditions,  conclusions  of 
performance  sensitivity  to  pogo  corresponding  to  the  MSOFE  analysis  were  net  obtained.  The 
analysis  of  pogo  estimation  plots  supported  the  conclusion  drawn  from  the  MSOFE  analysis  that 
accurate  pogo  estimation  was  highly  dependent  on  the  pogo  phase  as  well  as  magnitude.  For  tills 
reason,  the  pogo  magnitude  and  velocity  to  which  the  filter  is  initialized  affect  the  phase  error  and 
how  quickly  the  filter  recovers.  Use  of  larger  initial  uncertainties  and  noise  strengths  in  the  filter 
stucture  for  the  pogo  states  would  speed  recovery  of  the  filter,  and  then  the  steady  state  values 
implemented  in  tliis  simulation  could  be  utilized  for  steady  state  tracking.  Additionally,  it  is 
hypothesized  that  the  higher  the  pogo  frequency,  the  more  quickly  the  filter  will  recover.  This 
hypothesis  is  fully  supported  by  the  observation  drawn  from  the  MSOFE  statistics  that  higher 
frequency  pogo  is  easier  to  estimate. 

Some  of  the  most  fruitful  conclusions  associated  v/ith  the  eleiik  ntal  Filter  are  derived  h 
analysis  of  the  filter’s  estimation  of  ;  center-of-rnas  to  centroid  equilibrium  point  offset 
distance.  The  performance  is  much  poorer  than  expected,  especially  considering  that  it  should  be 
a  constant,  and  it  is  derived  directly  from  the  low-energy  laser  offset  measurement  by  simply 
subtracting  out  the  estimated  pogo.  Two  major  characteristics  of  the  >et  error  statistics,  a  large 
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bias  in  the  mean,  and  noisy  estimation  values,  yielded  a  plethora  of  potential  explanations  and  a 
veritable  bounty  of  recommendations  for  future  research  topics. 

The  remainder  of  the  detailed  elemental  ..ner  analysis  was  expended  in  a  discussion  of 
the  possible  problems  in  the  Fortran  code  indicated  by  the  large  offset  bias  error  and  noisy 
measurements.  The  magnitude  and  direction  of  the  bias  were  characteristic  of  the  bias  in  the 
speckle  return  measurement  model,  so  the  appropriateness  of  the  Doppler  measurement  model  as 
implemented  for  this  research  is  suspect.  Additionally,  the  rapid  changes  in  offset  value  are 
caused  by  a  heavy  reliance  on  accurate  low-energy  laser  measurements,  when  a  frame-by-frame 
analysis  of  LEL  measurement  data  revealed  somewhat  less  reliability  than  the  programmed  tuning 
parameters.  This  reliability  of  the  offset  measurement  may  be  a  residual  of  a  suboptimal 
technique  for  intero.  iting  the  missile  with  the  low-energy  laser,  either  caused  by  poor  sweep 
geometry  or  poor  geometry  with  respect  to  the  tracking  window  FOV. 

Tl  final  analysis  section  of  Chapter  VI  discussed  several  miscellaneous  items  dealing 
with  the  software  itself.  The  conclusions  drawn  in  that  section  focus  on  upgrading  the  software 
documentation  and  truth  model  to  allow  more  reliable  and  realistic  simulations  for  future 
researchers. 

7.3  Recommendations 

This  section  concludes  the  thesis  with  a  number  of  suggestions  for  future  research  topics. 
Some  of  the  advice  is  drawn  directly  from  the  performance  analysis  accomplished  for  this 
research.  This  type  of  gu  id  a  ice  is  intended  to  assist  anyone  who  intends  to  continue  from  where 
this  research  was  terminated,  t  he  other  type  of  recommendations  given  near  the  end  of  this 
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section  are  more  general  pointers  that  are  intended  to  contribute  to  the  general  pursuit  of  the 
ballistic  missile  tracking  problem.  The  Recommendations  section  is  organized  in  a  parallel  fashion 
to  the  preceding  Conclusions  section.  As  with  the  previous  sectiim,  recommendations  have  been 
generalized  in  the  interest  of  succinctness.  The  reader  is  referred  to  the  main  body  of  the  text  for 
specifics. 

7.3.1  Stochastic  Observability.  These  tests  were  inconclusive  chiefly  because 
numerical  precision  limitations.  It  would  not  be  advisable  to  attempt  them  again  unless  ai. 
alternate  approach,  perhaps  with  different  algorithms,  software,  and  or  hardware  are  made 
available. 

7.3.2  MSOFE  Monte  Carlo  Analysis.  The  initial  implementation  of  the  ballistic  filter 
tracking  moaels  was  time  consuming,  however  many  of  the  hurdles  have  been  overcome.  Tlu; 
success  of  the  MSOFE  simulations  indicates  that  it  may  be  useful  to  continue  its  use  to  verify 
independently  and/or  support  the  results  gained  from  simulations  in  the  AFIT  software.  The 
original  intent  was  eventually  to  perform  simulations  in  MSOFE  under  the  identical  conditions 
as  the  AFIT  simulations.  Tliis  goal  is  still  desirable.  The  MSOFE  simulations  should  either  be 
modified  to  reflect  the  current  AFIT  model,  the  AFIT  model  should  be  revised,  or  ideally  some 
middle  ground  should  be  sought  based  on  direction  from  the  sponsor. 

If  MSOFE  research  is  to  be  pursued  any  further,  the  next  major  step  in  augmenting  the 
filter  models  would  be  to  characterize  the  low-energy  laser  offset  measurement  and  re-accomplish 
the  sensitivity  analysis  for  comparison  to  the  AFIT  simulations.  Ultimately,  it  may  be  possible 
to  utilize  MSOFE  to  obtain  approximate  tuning  parameters  for  the  elemental  filters. 
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Since  MSOFE  is  currently  not  capable  of  simulating  a  multiple  model  adaptive  algorithm, 
it  can  only  serve  to  verify  the  individual  elemental  filters  out  of  the  filter  bank.  If  a  shell  enabling 
MSOFE  to  be  used  in  a  MMAF  simulation  is  ever  developed,  however,  or  if  some  other  well- 
tested  and  documented  filter  simulation  program  is  ever  made  available  that  has  the  capability  to 
perform  MMAF  simulations,  it  should  be  investigated.  Such  software  development  is  currently 
being  pursued  at  AFIT. 

7.3.3  AFIT  Elemental  Filter  Research.  The  successful  estimation  of  jitter  using  the 
MSOFE  models  is  contradictory  to  the  findings  from  AFIT  simulations.  In  addition,  since 
MSOFE  did  not  indicate  any  jitter/pogo  interactions,  it  would  be  useful  to  implement  a  similar 
series  of  tests  using  the  AFIT  software.  Increasec  nodularity  of  the  AFIT  software  will  make  it 
easier  to  accomplish  simulations  using  different  filter  and  truth  models 

Causes  for  the  poor  estimation  accuracy  of  the  offset  state  should  be  pursued.  The  results 
of  the  Doppler  model  currently  implemented  should  be  compared  to  the  results  obtained  by 
Hen  era  to  determine  its  appropri  ateness  for  this  simulation.  Once  the  Doppler  measurement 
model  is  verified  to  be  properly  utilized,  an  investigation  should  be  accomplished  to  determine 
the  appropriateness  of  the  laser  sweep  routine  and  the  FLIR  FOV  geometry  in  the  presence  of 
pogo.  An  alternate  laser  sweep  geometry  and/or  alternate  FOV  geometry  should  be  investigated 
to  determine  if  improvement  in  the  offset  measurement  is  feasible.  Two  simple  suggestions  are 
simply  to  expand  the  sweep  parameters  (both  angle  and  distance)  and  to  enlarge  the  effective 
tracking  window  by  either  expanding  its  dimensions  or  implementing  the  DRFOV  routine 
developed  by  Rizzo  [40].  Whatever  approach  is  pursued,  the  laser  sweep  routine  should  be 
restructured  so  that  it  never  goes  into  an  endless  loop. 
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At  this  time,  a  parallel  research  effort  toward  more  accurate  tracking  could  be  supported. 
One  branch  would  be  to  pursue  the  single  filter  model  with  states  defined  as  in  the  elemental  filter 
developed  in  this  thesis.  The  other  viable  approach  is  to  continue  the  philosophy  of  the  previous 
research  and  intentionally  to  separate  problem  into  two  separate  filters,  each  based  on  the  type  of 
measurement  available.  Theoretically,  the  single  filter  approach  should  be  ideal,  since  all  states 
can  interact  with  one  another  as  they  do  in  the  real  worid.  However,  since  it  is  evident  that  ihe 
offset  state  is  corrupting  the  other  states  in  the  single  filter  approach,  the  pogo  should  be 
incorporated  into  the  two-filter  scheme  and  its  performance  compared  to  that  of  the  single  filter. 

The  problems  causing  degraded  filter  performance  should  be  investigated  prior  to  pursuing 
final  tuning  of  elemental  filters  for  a  MMAF.  The  initialization  procedures  of  the  truth  and  filter 
models  should  be  given  special  attention,  since  both  the  pogo  initialization  problem  nighiighced 
in  Section  6.2.4  and  the  initial  velocity  transient  in  Section  6.2.2  may  be  repaired  by  the  same 
software  change.  One  possible  avenue  to  pursue  is  to  investigate  the  template  shifting  and  re¬ 
acquisition  routines  to  determine  whether  they  need  to  be  revised  for  the  new  model. 

7.3.4  General  Software  Upgrades.  There  are  three  major  revisions  to  the  software  which 
shouid  be  consideied.  The  first  revision  is  considered  by  this  researcher  to  be  an  absolute 
necessity.  The  second  revision  is  highly  desirable  and  the  third  revision,  the  most  challenging, 
also  allows  for  the  highest  potential  contribution  the  general  tracking  problem. 

The  first  revision  addresses  the  fact  that  other  errors  in  the  software  may  be  embedded 
in  the  truth  model  or  due  to  improper  sign  conventions  in  the  PLIR  plane  y-axis.  The  entire  code 
should  be  scrutinized  for  u>  .ccessary  or  missing  documentation  or  obsolete  code.  The  internal 
documentation  should  be  brought  up  to  the  present  date,  and  some  consideration  should  be  given 
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to  a  separate  log  or  manual  that  contains  specific  hints  not  contained  in  the  theses.  As  mentioned 
before,  incorporation  of  some  the  features  of  MSOFE  to  enhance  modularity  would  also  make  the 
code  more  comprehend!  ble  as  well  as  more  efficient  to  operate  and  debug. 

The  second  revision  involves  modifying  the  simulation  model  so  that  the  truth  and  filter 
state  vectors  coincide.  They  don’t  have  to  be  exactly  the  same,  but  fundamental  states,  such  as 
the  target  dynamics  states,  should  define  the  same  target  in  the  same  coordinate  system.  Careful 
consideration  should  be  given  to  the  enhanced  correlation  algorithm  and  associated  template 
generation.  Revision  of  the  controller,  statistics,  and  plotting  routines  should  be  fairly 
straightforward.  If  this  revision  is  accomplished,  the  researcher  should  also  seriously  consider 
simultaneously  modifying  the  controller  to  center  the  FOV  on  the  missile  hardbody  and  driving 
the  controller  with  the  newly  defined  target  dynamics  states  for  the  cenier-of-mass. 

The  third  revision  is  the  most  difficult  but  holds  the  most  promise  for  flexibility  and 
power  in  future  research  projects.  Until  now,  the  AFIT  simulations  have  been  coded  from  scratch 
in  Fortran.  Because  of  its  longevity  and  widespread  use,  a  substantial  library  of  verified  and 
trustworthy  routines  has  been  developed,  However,  the  basic  approach  is  still  limited  by  the 
extremely  labor-intensive  requirement  of  manual  coding,  debugging,  statistics  calculations, 
plotting,  ad  infinitum.  The  advance  of  technology  in  both  software  and  hardware  has  greatly 
simplified  these  time-consuming  and  error-prone  tasks.  It  would  be  highly  beneficial  if  the 
simulation  could  be  reaccomplished  in  ail  alternate  software  package.  One  potential  candidate 
would  be  Mathematica  [52j.  Mathematica  is  not  only  a  well-integrated  package  that  contains 
much  more  powerful  mathematical  manipulations  and  programming  tools,  but  it  would  enable 
researchers  to  accomplish  all  the  diverse  operations  performed  for  this  thesis  within  a  single 
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package.  There  would  be  no  requirement  for  a  separate  plotting  routine  or  manually  programming 
in  statistics  equations  or  even  keeping  track  of  matrix  indices.  Either  discrete  or  continuous  time 
models  could  be  programmed  directly  in  state-space  form  and  analvzed  symbolically  for 
observability,  controllability,  etc;  and  statistics  and  plots  could  be  created  without  any  importing 
or  exporting  of  data.  As  noted  at  the  beginning  ol  this  "soapbox"  lecture,  such  a  major  revision 
would  be  extremely  challenging  and  would  require  many  hours  of  verification  and  comparison  to 
the  current  simulations  to  ensure  correct  operation.  This  writer  holds  the  conviction  that,  in  the 
long  run,  this  recommendation  bears  the  highest  potential  for  advancement  of  the  tracking  problem 
and  learning  experience  for  future  AFIT  graduate  students. 
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This  Appendix  explains  iiow  the  statistics  listed  in  the  thesis  and  plotted  in  the  succeeding 
appendices  were  determined.  The  equations  for  the  statistics  and  the  data  used  io  plot  them  are 
discussed. 
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The  performance  of  the  Kalman  filters  used  in  this  thesis  is  evaluated  usmg  multiple 
Monte  Carlo  runs  (five  for  the  AFIT  simulations  and  JO  for  MSOFE  simulations).  A  Monte  Carlo 
analysis  involves  collecting  statistical  information  generated  from  simulating  samples  of  stochastic 
processes  [21].  Ten  Monte  Carlo  runs  are  generally  considered  sufficient  to  converge  to  the  actual 
statistics  that  would  result  from  an  infinite  number  of  runs  [9,24],  After  collecting  N  samples  of 
truth  model  and  filter  model  data  for  each  of  M  Monte  Carlo  runs,  the  true  error  statistics  can  be 
approximated  by  computing  the  sample  mean  error  and  error  variance  for  the  N  runs.  The  sample 
mean  error  and  error  variance  are  computed  by: 


,  N 


where 

E(t, )  =  sample  mean  of  the  error  of  interest  at  time  t, 
a2(ti )  s  sample  error  variance  at  time  t, 

xtTuth,fJi )  =  truth  model  value  of  the  variable  of  interest  ai  time  t,  during 
simulation  n 

Xpu.rJt, )  =  filter  estimate  of  the  variable  of  interest  at  time  t,  during 
simulation  n 

N  =  number  of  Monte  Carlo  runs 

The  statistics  are  calculated  before  the  measurement  update  at  (.//)  and  after  the  update  at 
In  the  performance  plots  displayed  in  Appendices  B  through  E,  the  statistics  at  each  instant 
in  time  are  plotted  together;  that  is,  the  statistics  before  ana  after  the  measurement  update  are 
plotted  on  the  same  time  axis.  They  are  reduced  further  to  obtain  average  scalar  values  over  the 
time  of  the  run,  by  temporally  averaging  the  mean  error  and  standard  deviation  (a)  time  histories 
from  two  seconds  into  the  simulation  until  the  end.  The  first  two  seconds  are  not  used  to  ensure 


that  the  data  reflects  only  steady  state  performance  [9].  The  errors  are  measured  in  units  of  pixels, 
where  a  pixel  is  15  prad  on  a  side  (approximately  3  meters  at  a  distance  of  200  km  for  the 
MSCFE  analysis  and  30  meters  at  a  distance  of  2,000  km  for  the  elemental  filter  simulations). 
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This  appendix  displays  aa  example  of  the  performance  plots  referenced  throughout  the  thesis.  An 
explanation  of  the  plot  components  and  tl«eir  meaning  is  al«o  given. 
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Two  different  types  of  data  plots  arc  presented  in  Appendices  C  through  F  to  assess  the 
performance  of  the  centsr-of-mass  filters  employed  in  this  thesis.  The  first  type  of  plot,  the  state 
comparison  plot  shown  in  Figure  B.l(a),  provides  a  direct  comparison  of  the  filter  estimated  and 
true  value  of  the  state.  For  these  plots,  the  ensemble  average  (over  N  Monte  Carlo  runs)  of  the 
true  value  of  the  state  is  showu  as  a  solid  line.  The  ensemble  average  value  of  the  filter  estimate 
at  any  instant  in  time  is  shown  as  a  dashed  line. 

The  second  type  of  plot,  the  error  statistics  plot  shown  in  Figure  B.l(b),  provides  a 
measure  of  the  tracking  peformance.  Tne  plot  shows  the  mum  filter  erroi,  averaged  over  the  N 
Monte  Carlo  runs  at  each  instant  in  time,  for  a  state  or  variable  of  interest.  In  addition,  this  type 
of  plot  displays  the  actual  lo  (standard  deviation)  centered  on  the  mean,  or  mean  ±  la  curves. 
They  are  the  two  dotted  lines  that  surround  the  mean  curves.  All  the  filters  for  this  thesis  were 
designed  to  assume  zero  mean  errors  in  all  states,  so  the  filter  computed  estimate  of  standard 
deviation  is  plotted  relative  to  the  abscissa.  The  legend  for  the  symbology  in  the  error  statistics 
plots  is  shown  here. 

Mean  Enor  _ 

Mean  Error  ±  lo  . 

zero  ±  Filter  Computed  la  - 
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time  (seconds) 

(b)  FILTER  vs  ACTUAL  ERROR  (STATE) 


Figure  B.l  Example  of  State  P:ot  and  Error  Statistics  Plot 
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Appendix  C 

MSOFE  Analysis  of  Filter  Models 
Using  Linear  Update 


This  Appendix  contains  the  average  states  and  error  statistic  plots  for  the  MSOFE 
simulations  listed  in  Table  5.2.  Data  collection  and  symbology  depicted  in  the  two  types  of  plots 
contained  in  this  appendix  axe  explained  in  Appendices  A  and  B.  The  state  comparison  plots 
show  the  ensemble  average  truth  state  over  the  10  Monte  Carlo  runs  compared  to  the  same 
statistic  tor  the  filter  estimate.  The  error  statistics  plots  represent  the  error  mean  and  mean  ±1 
standard  deviation  values  in  pixels  (or  pixels/second  for  velor  :y)  of  the  errors  between  the  filter- 
estimated  and  true  state. 
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Figure  C.l  Simulation  P2,  0  =  60c,  X-Posidon 
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(b)  Y  POSITION  STATISTICS  -  Filter  #2,  linear 

Figure  C.2  Simulation  #2,  0  =  60°,  Y-Position 
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(a)  X  VELOCITY  -  Filter  #2,  linear 
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(b)  X  VELOCITY  STATISTICS  -  Filter  #2,  linear 

Figure  C.3  Simulation  #2,  0  =  60°,  X-Velocity 


C-4 


to 

a< 

Ou 

>» 


-777.8 

-778 

-773.2 

-778.4 

-778.fi 

-778.8 

-779 

-779.2 

-779.4 

-779.6 

-779.8 

5 
4 
3 
2 
1 
0 
1 
2 
3 


0  1  23456789  10 


time 


(b)  Y  VELOCITY  STATISTICS  -  Filter  #2,  linear 


Figure  C.4  Simulation  #2,  0  =  60°,  Y-Velocity 
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(b)  X  POSITION  STATISTICS  -  Filter  #4,  linear 

Figure  C.5  Simulation  #4,  0  =  60°,  X-Position 
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(a)  Y  POSITION  -  Filter  #4.  linear 


(b)  Y  POSITION  STATISTICS  -  Filter  # 4.  linear 

Figure  C.6  Simulation  #4,  0  =  60°,  Y-Position 
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(a)  X  VELOCITY  -  Filter  #4,  linear 
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(b)  X  VELOCITY  STATISTICS  -  Filter  #4,  linear 

Figure  C.7  Simulation  #4,  0  -  60°,  X-Velocity 
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(b)  X  JITTER  STATISTICS  -  Filter  #4,  linear 

Figure  C.9  Simulation  #4,  0  =  60°,  X-Atmospheric  Jitter 
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(a)  X  POSITION  ~  Filter  #6,  linear 


(b)  X  POSITION  STATISTICS  -  Filter  #6,  linear 

Figure  C..11  Simulation  *6,  0  -  60°,  X-Position 
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(b)  Y  POSITION  STATISTICS  -  Filter  #6,  linear 


Figure  C.12  Simulation  #6.  9  =  60°,  Y-Position 
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(a)  Y  VELOCITY  -  Filter  #6,  linear 
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(b)  Y  VELOCITY  STATISTICS  -  Filter  #6,  lineax 

Figure  C.14  Simulation  t6,  6  =  60°,  Y- Velocity 
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<b)  POGO  OFFSET  STATISTICS  -  Filter  #6,  linear 

Figure  C.15  Simulation  #6,  0  -  60°,  Pogo  Offset 
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(a)  X  POSITION  -  Filter  # 7,  linear 


(b)  X  POSITION  STATISTICS  -  Filter  #7,  linr^r 

Figure  C.16  Simulation  #7,  0  -  60°,  X-Position 
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(b)  Y  VELOCITY  STATISTICS  -  Filter  #7,  linear 

Figure  C.19  Simulation  #7,  0  =  60°,  Y-Vdodty 


(SI® 


time 


(b)  X  POSITION  STATISTICS  -  Filter  #8,  linear,  Pogo  Cond  4 

Figure  C.20  Simulation  #8,  0  =  60°,  X-Position 
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(a)  Y  POSITION  -  Filter  #8,  linear,  Pogo  Cond  4 


(b)  Y  POSITION  STATISTICS  -  Filter  #8,  linear,  Pogo  Cond  4 

Figure  C.21  Simulation  #8,  0  =  60°,  Y-Position 
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(b)  X  VELOCITY  STATISTICS  -  Filter  #8,  linear,  Pogo  Cond  4 

Figure  C.22  Simulation  UH,Q-  60°,  X- Velocity 
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(a)  POGO  OFFSET  -  Filter  #8,  linear.  Pogo  Cond  4 


(b)  POGO  OFFSET  STATISTICS  -  Filter  #8,  linear,  Pogo  Cond  4 

Figure  C.24  Simulation  #8,  0  =  60°,  Pogo  Offset 
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(b)  Y  POSITION  STATISTICS  -  Filter  #9,  linear 

Figure  C.26  Simulation  #9,  b  -  60°,  Y-Position 
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(a)  X  VELOCITY  -  Filter  #9,  linear 
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(b)  X  VELOCITY  STATISTICS  -  Filter  #9,  linear 

Figure  C.27  Simularion  #9,  0  -  60°,  X- Velocity 
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(b)  X  JITTER  STATISTICS  -  Filter  #8,  linear 

Figure  C.29  Simulation  #9,  0  =  60° ,  X- Atmospheric  Jitter 
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(b)  Y  JITTER  STATISTICS  -  Filter  #9,  linear 


Figure  C.30  Simulation  #9,  0  •-  60°,  Y-Atmospheric  Jitter 
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(b)  X  Pi  ilTION  STATISTICS  -  Filter  #10,  Pogo  Cond  4 

Figure  C.3l  Simulation  #10,  0  ~  60°,  X-Position 
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(b)  Y  POSITION  STATISTICS  -  Filter  #10,  Pogo  Cond  4 


Figure  C.32  Simulation  #10,  0  ~  60°,  Y-Position 
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(a)  X  VELOCITY  -  Filter  #10,  Pogo  Cond  4 


(b) 


X  VELOCITY  STATISTICS  -  Filter  #10,  Pogo  Cond  4 

Figure  C.33  Simulation  #10,  0  =  60°,  X-Velocity 


C-34 


778.66 


778.92 

778.94 

778.96 

778.98 


779.02 

779.04 


779.08 


(a)  Y  VELOCITY  - 


4  5  6  7  8  9 

time 

Filter  #10,  Pogo  Ccmd  4 
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(b)  Y  VELOCITY  STATISTICS  -  Filter  #10,  Pogo  Cond  4 

Figure  C.34  .Simulation  #10,  0  =  60°,  Y-Velocity 
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(b)  X  JITTER  STATISTICS  -  Filter  #10,  Pogo  Cond  4 


Figure  C.35  Simulation  #10,  0  =  60°,  X-Atmospheric  Jitter 
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(b)  Y  JITTER  STATISTICS  -  Filter  #10,  Pogo  Cond  4 


Figure  C.36  Simulation  #10,  8  =  60°,  Y- Atmospheric  Jitter 
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(b)  POGO  OFFSET  STATISTICS  -  Filter  #10,  Pogo  Cond  4 

Figure  C.37  Simulation  #10,  0  =  60°,  Pogo  Offset 
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This  appendix  contains  the  average  states  and  error  statistic  plots  for  the  MSOFE 
simulation  #10  using  a  general  angle  model  (nonlinear  measurement  update)  for  the  different 
plume  pogo  characteristics  listed  in  Table  5.3.  Data  collection  and  symbology  depicted  in  the  two 
types  of  plots  contained  in  this  appendix  are  explained  in  Appendices  A  and  B.  The  state 
comparison  plots  show  the  ensemble  average  truth  state  over  the  10  Monte  Carlo  runs  compared 
to  the  same  statistic  for  the  filter  estimate.  The  error  statistics  plots  represent  the  error  mean  and 
mean  ±1  standard  deviation  values  in  pixels  of  the  errors  between  the  filter-estimated  and  true 
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(b)  X  POSITION  STATISTICS  ~  Filter  #10, Nonlinear,  PC#1 
Figure  D.  1  Pogo  Condition  #1 ,  Simulation  #10,  General  Angle,  X- Position 
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(a)  Y  POSITION  -  Filter  #10, Nonlinear,  PC#1 


Y  POSITION  STATISTICS  -  Filter  #  10, Nonlinear,  PC#1 

Figure  D.2  Pogo  Condition  #1,  Simulation  #10,  General  Angie,  Y-Position 
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(b)  POGO  OFFSET  STATISTICS  -  Filter  #10, Nonlinear,  PC#1 

Figure  D.5  Pogo  Condition  #1,  Simulation  #10,  General  Angle,  Pogo  Offset 
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(b)  X  POSITION  STATISTICS  -  Filter  #10, Nonlinear,  PC#2 
Figure  D  6  Pogo  Condition  #2,  Simulation  #10,  General  Angle,  X-Position 
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(b)  Y  POSITION  STATISTICS  -  Filter  #10, Nonlinear,  PC#2 

Figure  D.7  Pogo  Condition  #2,  Simulation  #10,  General  Angle,  Y-Position 


D-8 


jitter  (pixels)  x  jitter  (pixels) 


y  jitter  (pixels)  y  jitter  (pixels) 


pogo  (pixels)  pogo  (pixels) 


* 


(a)  POGO  OFFSET  -  Filter  #10, Nonlinear,  PC#2 


(b)  POGO  OFFSET  STATISTICS  -  Filter  #10, Nonlinear,  PC#2 

Figure  D.10  Pogo  Condition  #2,  Simulation  #10,  General  Angle,  Pogo  Offset 
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(b)  X  POSITION  STATISTICS  -  Filter  #  lO.Nonlinear,  PC#3 

Figure  D.  1 1  Pogo  Condition  #3,  Simulation  #10,  General  Angle,  X-Position 
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(b)  Y  POSITION  STATISTICS  -  Filter  #10, Nonlinear.  PC#3 

Figure  D.12  Pogo  Condition  #3,  Simulation  #10,  General  Angle,  Y-Posiuon 

D-13 


jitter  (pixels)  x  jitter  (pixels) 


Figure  D.13  Pogo  Condition  #3,  Simulation  #10,  General  Angle,  X- Atmospheric  Jitter 
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(a)  POGO  OFFSET  -  Filter  #10,Nonlinear,  PC#3 


(b)  POGO  OFFSET  STATISTICS  -  Filter  #10, Nonlinear,  PC #3 
Figure  D.15  Pogo  Condition  #3,  Simulation  #10,  General  Angle,  Pogo  Offset 
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(b)  Y  POSlHu  \  STAT'b  .  ..  -  Filter  #10, Nonlinear,  PC#4 

Figure  D.17  Pogo  Condition  #4,  Simulation  #10,  General  Angle,  Y-Position 
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(b)  Y  JITTER  STATISTICS  -  Filter  #10, Nonlinear,  PC#4 

Figure  D.19  Pogo  Condition  #1,  Simulation  #10,  General  Angle,  Y- Atmospheric  Jitter 
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(a)  POGO  OFFSET  -  Filter  #10,Nonlinear,  PC#4 


(b)  POGO  OFFSET  STATISTICS  -  Filter  #10,Nonlinear,  PC#4 

Figure  D.20  Pogo  Condition  #4,  Simulation  #10,  General  Angle,  Pogo  Offset 
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(b)  X  POSITION  STATISTICS  -  Filter  #10, Nonlinear,  PC#5 

Figure  D.21  Pogo  Condition  #5,  Simulation  #10,  General  Angle,  X-Position 
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(b)  Y  POSITION  STATISTICS  -  Filter  #10, Nonlinear,  PC#5 

Figure  D.22  Pogo  Condition  #5,  Simulation  #10,  General  Angle,  Y-Fositiou 
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(b)  Y  JITTER  STATISTICS  -  Filter  #10, Nonlinear,  PC#5 

Figure  D.24  Pogo  Condition  #5,  Simulation  #10,  General  Angle,  Y -Atmospheric  Jitter 
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(b)  X  POSITION  STATISTICS  -  Filter  #10, Nonlinear,  PC#G 

Figure  D.26  Pogo  Condition  #6,  Simulation  #10,  General  Angle,  X*Position 
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(b)  Y  POSITION  STATISTICS  -  Filter  #10, Nonlinear,  PC#6 

Figure  D.27  Pogo  Condition  #6,  Simulation  #10,  General  Angle,  Y-Position 
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(b)  X  JITTER  STATISTICS  -  Filter  #10, Nonlinear,  PC#6 

Figure  D.28  Pogo  Condition  #6.  Simulation  #10,  General  Angle,  X-Atrnospheric  Jitter 
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(b)  Y  JITTER  STATISTICS  -  Filter  #10, Nonlinear,  PC#6 


Figure  D.29  Pogo  Condition  #6,  Simulation  #10,  General  Angle,  Y-Atmospheric  Jitter 
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(b)  POGO  OFFSET  STATISTICS  -  Filter  #1 0.Nonlinear,  PC#0 

Figure  DJO  Pogo  Condition  #6,  Simulation  #10,  General  Angle,  Pogo  Offset 
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Appendix  E 

AFIT  Elemental  Filter  Performance  Plots 
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This  appendix  contains  the  average  state  and  error  statistics  plots  of  the  nine-state  AFIT 
elemental  filter.  The  data  depicted  in  the  two  types  of  plots  in  this  appendix  are  explained  in 
Appendices  A  and  B  The  state  comparison  plots  show  the  ensemble  average  truth  state  over  the 
5  Monte  Carlo  runs  compared  to  the  same  statistic  for  the  filter  estimate.  The  error  statistics  plots 
represent  the  error  mean  and  mean  ±1  standard  deviation  values  in  pixels  (or  pixels/second  lbr 
velocity  and  pcgo  velocity),  of  the  errors  between  the  filter  estimated  and  true  state. 
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(a)  FILTER  vs  ACTUAL  ERROR  (X-POSITION) 


(b)  FILTER  vs  ACTUAL  ERROR  (Y-POSITION) 

Figure  E  1  X/Y  Position  Error  Statistics 
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(a)  FILTER  vs  ACTUAL  ERROR  (X-VELOCITY) 
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(b)  FILTER  vs  ACTUAL  ERROR  (Y-VELOCITY) 


Figure  E.2  X/Y  Velocity  Error  Statistics 
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(a)  FILTER  vs  TRUE  X-ATMOSPHERE 
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(b)  FILTER  vs  ACTUAL  ERROR  (X-ATMOSPHERE) 

Figure  E.3  X  Atmospheric  Jitter 
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(b)  FILTER  vs  ACTUAL  ERROR  (Y-ATMOSPHERE) 

Figure  E.4  Y  Atmospheric  Jitter 
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(b)  FILTER  vs  ACTUAL  ERROR  (POGO  POSITION) 

Figure  E.5  Pogo  Offset 
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(a)  FILTER  vs  TRUE  POGO  VELOCITY 


Figure  E.6  Pogo  Velocity 
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(b)  FILTER  vs  ACTUAL  ERROR  (COM-EQUILIBRIUM  POINT  OFFSET) 

Figure  E.7  Center-of-M&ss  to  Equilibrium  Point  Offset 
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(a)  FILTER  vs  ACTUAL  ERROR  (X-CENTROID  POSITION) 
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(b)  FILTER  vs  ACTUAL  ERROR  (Y-CENTROID  POSITION) 

Figure  E.8  Plume  Centroid  Error  Statistics 
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